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Abstract 
Florida’s seagrasses are ecologically important marine environments which have suffered major 
degradation caused by increasing anthropogenic pressures. A 2011 seagrass die-off event caused by an algal bloom 
in the Florida Indian River Lagoon (IRL) was particularly severe with a majority of seagrass lost in areas such as the 
Banana River. An understanding of how this coastal marine environment changed is an important step toward better 
managing resources for conservation. Modern tools and methods provide new opportunities to study these changes 
at the landscape scale, a scale that informs on the larger more comprehensive state of a system. Classified satellite 
imagery and spatial landscape metrics were used to quantify changes in IRL Banana River seagrass landscape 
patterns following the die-off event.  
Thirty-six landscape metrics in four categories (Area-Edge, Shape, Core Area and Aggregation) were used 
to discern the spatial complexities of habitat changes over space and time in the IRL study area. Seagrass loss from 
2011 to 2013 based on image classifications was as high as 91% in the Banana River study areas. Landscape metrics 
indicate that following the seagrass die-off in the IRL, meadows became more fragmented, patches became more 
isolated, and the amount and spatial complexity of meadow edge was reduced. For the most part, these landscape 
structural changes in the IRL increased with more severe amounts of seagrass loss.  
The metrics were evaluated and scored for their effectiveness in detecting seagrass landscape changes and 
their ability to provide consistent detection with variable resolution imagery. The top metrics in order of highest 
evaluation score were Total Edge, Splitting Index, Total Core Area, Effective Mesh Size, Landscape Shape Index, 
Edge Density, Perimeter-Area Ratio Distribution, Average Core Area, Disjunct Core Area Distribution Mean and 
Patch Shape Index. Area-edge and aggregation type metrics were identified as the best metrics for evaluating 
landscape changes under different degrees of seagrass loss in the IRL. Landscape metrics applied to classified 
images have the ability to provide quantitative and informative techniques for monitoring seagrass health. 
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1. Introduction 
1.1  Coastal Marine Habitats 
Coastal marine habitats provide valuable ecosystem goods and services to a major part of the global 
population, which lives near the coast. Coastal habitats include estuaries where marine and freshwater systems meet. 
Estuaries are a dominant and important component of Florida’s coastal ecology. Estuaries provide nurseries for 
marine fish and support their own fisheries such as oysters and mussels. They also provide an important habitat for 
birds, marine mammals and other terrestrial wildlife. Estuaries are complex ecological systems at the interface of 
fresh water, marine and terrestrial worlds. The resources provided by estuaries play a significant role in Florida’s 
economy, particularly tourism. Salinity, sedimentation, land based sources of pollution (including thermal 
pollution), climate change factors (particularly as sea level rise), and high organic matter content pose threats to 
Florida estuaries (Kennish 1991). 
 Some common estuarine habitats in Florida include seagrass, mangrove and saltmarsh. Seagrasses provide 
high levels of productivity and structure that support a diverse range of biota (Kaiser 2011). These angiosperms are 
well adapted to high salinity, wave action and fluctuating water levels which are characteristics of the coastal marine 
environment. Seagrass is distributed across the globe in non-polar, shallow waters, down to depths of 30 meters 
where water is clear (Barnes and Hughes 2009). Mangrove habitats are intertidal, rarely extending below the tide 
level. They are limited to tropical regions with rare occurrences beyond the 20°C sea surface temperature isotherms 
(Hogarth 2007). Salt marsh habitats are common in low-energy temperate shorelines and occur predominantly in the 
intertidal zone. Ecosystem services provided by these estuarine habitats include raw material and food, coastal 
protection, erosion control, water purification, maintenance of fisheries, carbon sequestration and 
tourism/recreation/education/research (Barbier et al. 2011). Seagrass, salt marsh and mangroves also provide critical 
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habitats and nutrients to fisheries, provide food for marine mammals, act as nurseries for fisheries, and help maintain 
water clarity by trapping fine sediments and particles (Larkum et al. 2006).  
1.1.1  Threats to Coastal Marine Habitats  
Coastal habitats are affected by pollution and disturbances stemming from both land and sea. A multi-scale 
analysis of anthropogenic drivers of ecological change by Halpern et al. (2008) showed that all marine ecosystems 
are affected by human influence and more than 40% of marine ecosystems are strongly affected by multiple 
anthropogenic influences. Overexploitation, eutrophication, pollution, invasive species, altered salinity, altered 
sedimentation, climate change, ocean acidification and disease are among the greatest threats to coastal marine 
ecosystems (Crain et al. 2009). Interactive and cumulative effects of these anthropogenic stressors compound the 
potential for degradation of coastal marine ecosystems (Crain et al. 2008) and threaten the diverse fauna ranging 
from epiphytes to fish to marine mammals. The loss of complex coastal marine habitat structure generally leads to 
lower biomass and declines in species richness (Airoldi et al. 2008; Suchanek 1994). The ecological and economic 
implications of biodiversity loss are dire (Molnar et al. 2008).   
Pathways for contaminants to enter estuaries include direct discharge (point source) from developed areas, 
ship discharge/dumping, river input, atmospheric deposition and runoff.  Common point sources of pollution in 
estuaries include industrial and municipal waste, sewage sludge and dredged material.  Pollutants typically introduce 
harmful concentrations of heavy metals, synthetic organic compounds, nutrients and pathogens. Oil pollution 
primarily comes from urban runoff, but as the Gulf of Mexico Deepwater Horizon incident from April 2010 proved, 
oil spills also threaten Florida coastal marine habitats. Much of the oil in the ocean is however natural; 20% of oil in 
seawater comes from natural seepage (Kennish 1991).  In discussing pollution, the concept of toxicity must be 
considered. The toxicity of s substance is a function of concentration and duration of exposure. Different substances 
become toxic at different levels of concentration.  
Other anthropogenic impacts on coastal marine ecosystems include physical disturbances. Coastal 
development, for example, tends to completely eradicate and fill in mangrove, seagrass and salt marsh as those 
habitats tend to fall in the most desirable development locations near the water. Properties must be protected by 
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building seawalls and the desire for unobstructed water views results in the cutting down of mangrove areas. 
Mangrove habitats are among the most threatened of coastal habitats by anthropogenic stressors (Halpern et al. 
2007). Polidoro et al. (2010) cited that 11 of the 70 known mangrove species were at an elevated threat of extinction 
based on International Union for Conservation of Nature (IUCN) threatened species categories and criteria. The 
greatest threats to mangroves are in upstream estuarine zones where development is greater.  
There are several significant threats related to climate change. Beyond the direct impacts of rising sea level 
and storm activity on infrastructure and property, climate change also has serious implications for coastal marine 
habitats. Rising carbon dioxide levels in the atmosphere are associated with temperature, circulation, nutrient input, 
stratification, oxygen content and acidity changes in the oceans around the world. These aggregated effects have the 
potential of modifying energy flows and biogeochemical cycles in the ocean to the point that ecosystem functions 
and services could change (Doney et al. 2012). In a more general sense, Anthropogenic based climate change will 
result in decreased ocean productivity, altered food webs, reduction of habitat forming species, altered species 
distributions, and greater risks of disease (Hoegh-Guldberg and Bruno 2010).  
Changes in air and sea surface temperatures have the potential to impact coastal intertidal and shallow sub-
tidal seagrass. Sea level rise will cause coastal inundation and erosion of shallow sediments reducing seagrass 
habitat availability and physical disturbances from increased storm intensity will further impact seagrass (Waycott et 
al. 2007).  Rainfall and river flood plumes from extreme storm events caused by global climate changes create 
salinity fluctuations and introduce nutrients and sediments which can reduce light availability. Changes in dissolved 
CO2 and increased bicarbonate concentration caused by ocean acidification also influence seagrass which uses those 
carbon sources. In the Mediterranean Sea, Jordà et al. (2012) predicted that Posidonia oceanica would become 
functionally extinct by the middle of this century under the current global warming trends. In many respects, it is 
however not well understood how seagrass will be affected by climate changes (Koch et al. 2013). 
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1.2  Seagrass Ecology 
In Florida, seagrasses are one of the most ecologically important coastal marine habitats. Seagrasses have 
received a great deal of research attention over the past few decades. Our understanding of their taxonomy and 
structural features is extensive, and our understanding of their population and community dynamics has come a long 
way in recent decades. There is still however much to be learned about seagrass from an ecological perspective; the 
effects of anthropogenic and natural changes and the cascade of associated ecological effects are complex. The 
dynamic nature of the ocean, external influences and the intricate ecological relationships of seagrass with other 
flora, fauna and abiotic factors is convoluted and difficult to describe with certainty.  Modern methods of data 
collection, processing and modeling have presented new opportunities to research and better understand the 
complexities of seagrass ecology.  
Seagrasses are productive ecosystems, with average primary production rates of about 1000 g dry weight 
m-2 year-1 (Duarte and Chiscano 1999). In seagrass sediments, decomposition is slow due to low concentrations of 
nutrients in seagrass detritus and low concentrations of oxygen in sediments. High primary production and slow 
decomposition in sediments make seagrass important carbon sinks (Duarte et al. 2013). Seagrasses are extensive at a 
global scale and are important to biological productivity and biogeochemical cycles in the oceans. They encompass 
12 genera of angiosperms representing approximately 50 species. Seagrass beds are typically monospecific but, 
where seagrass beds have species diversity, the community contribution of species is not even. Biomass distribution 
is often skewed to certain species. Species diversity is often reduced by disturbances such as heavy grazing 
(manatees, sea turtles and sea urchins) and siltation. Most seagrasses tolerate a range of salinity, but are depth 
limited by light requirements. Some species are tolerant to intertidal conditions. Stable sandy or muddy sediments 
are required for most seagrass to root, however, some species can grow on rock. Seagrass are relatively resistant to 
contaminants (Kenworthy et al. 1993), but they do require clear water which light can penetrate. 
Seagrasses are modular plants exhibiting clonal growth patterns. Modules of rhizomes, leaves, roots, 
flowers and fruits are cloned. Rhizomes extend clones horizontally within sediments. Horizontal growth rates 
typically much higher than vertical growth rates. Marbà and Duarte (1998) found Halodule wrightii and 
Syringodium filiforme have a horizontal rhizome elongation rate of 223 and 123 cm/yr but a vertical rhizome 
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elongation rate of only 3 and 4 cm/yr. Branching of seagrass rhizomes increases clonal spread. Small seagrass 
species elongate faster and branch at a higher rate than large species. This contributes to small seagrass species 
consideration as a pioneering species. Clonal spreading rate is a function of horizontal extension rate and the 
branching angle of rhizomes. Measured variations in rhizome growth within species demonstrate the plasticity of 
seagrass – their ability to adapt growth characteristics to habitat conditions. Variability in module size and formation 
rate relate to seasonal patterns.  Important adaptive traits allow seagrass to deal with changes and heterogeneity in 
the environment and availability of resources (Hemminga and Duarte 2000).  
Seagrass landscapes are dynamic with continuous loss and replacement of shoots. Seagrass reproductive 
efforts increase under stress and disturbance. Based on a review of literature, Cabaco and Santos (2012) found that 
anthropogenic disturbance have the highest impact on reproductive effort, three times higher than natural 
disturbances. This balance can fall out of equilibrium and cause changes to the extent of seagrass beds. Flowering 
only accounts for <10% of the annual production of most seagrass species (Ramage and Schiel 1998), but seeds, and 
seagrass fragments as believed possible for Halodule wrightii and Halophila johnsonii in the IRL (Hall et al. 2006), 
allow for extended spatial distribution as seeds and floating seagrass fragments can be dispersed by currents. Rafted 
seed deposition and floating fragments can play a role in configuring the spatial landscape and naked seed dispersal 
can contribute to patch expansion. Zostera marina naked seeds were found to disperse up to 5.3 m while floating 
seeds and shoots were found to disperse up to 73.9 m (Furman et al. 2015).  
 Natural and human-caused disturbances can result in thinning of seagrass beds and entire losses of bed 
areas. Clonal growth is not possible for areas with total losses, and re-colonization from seeds or seagrass fragments 
becomes necessary. Seagrass populations exposed to periodical disturbances become characteristically patchy 
landscapes. The frequency and magnitude of disturbances and the species recovery time dictate the landscape 
structure of a seagrass bed (Marba and Duarte 1995).  
Seagrasses, like their terrestrial angiosperm counterparts, require light, carbon and nutrients, but the 
availability of these resources is very different in the marine realm. Light is attenuated by water exponentially with 
depth. Particulate and soluble substances in the water column also contribute to light attenuation. Light availability 
limits seagrass to shallow waters. Variations in terrestrial run-off, phytoplankton blooms, and wind/tidal mixing 
contribute to fluctuating water clarity and light availability. Different species of seagrass in Florida have different 
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light requirements (Choice et al. 2014) which, along with other physical factors, dictates species specific geographic 
locations. As with terrestrial plants, light reduction reduces production of photosynthetic oxygen and results in 
decreased leaf production per shoot. In an experimental analysis of light limitation stress on Halodule wrightii, Biber 
et al. (2009) documented shoot, leaf, root and rhizome biomass declines with increased stress. Over longer periods 
of time, light reduction invariably leads to reduced shoot density. Light reduction also affects the shoot to rhizome 
ratio equilibrium where lower light conditions favor leaf production. Light reduction has greater impacts when 
seasonal plant carbon compound reserves are low. Seagrass beds fluctuate in biomass in response to seasonal 
changes in environmental conditions, primarily shifts in light availability and temperature. Seagrass growth and 
biomass increases in spring, peaks in the summer and declines in autumn (Duarte 1989). Monitoring the depth 
boundary of seagrass provides important information on water quality relative to ecosystem health.   
Large scale seagrass mortality events are not uncommon in Florida. The northern IRL lost 100 ha of 
seagrass between 1996 and 1997. Morris and Virnstein (2004) surmise the die-off was a natural event caused by 
long term seagrass biomass, detritus and ooze which can be attributed to the poor flushing of the hydrologically 
restricted area. Florida Bay experienced extensive mortality of Thalassia testudinum in 1987 and again in 2015. It is 
believed that hypersalinity, water column stratification and anoxic water which leads to sulfide intruding the plants 
triggered the die-off (Hall et al. 2016). Garrote-Moreno et al. (2015) showed that Thalassia testudinum and Halodule 
wrightii can respond and adjust to high salinity pulses for short periods of time, but prolonged periods of extreme 
salinity exposure (greater than 1 week) can cause mortality. Both the IRL and Florida Bay seagrass recovered from 
the mortality events, but the ecological implications of the die-offs are significant. 
 
1.3  Landscape Ecology 
Ecology is a study in dynamics, changes that occur in response to varying conditions within ecosystems 
(Cowles 1899). The interactions between species and habitat can be thought of in terms of energy flow, carbon 
fluxes or nutrient cycles (Hogarth 2007). The biotic community together with and its abiotic environment constitute  
the fundamental ecological unit (Brown and Real 1991) . Ecological research methods have evolved over the 
century and ecology has become a well-developed discipline in the natural sciences. There are six general study 
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areas in ecological theory: species abundance, niche theory, population dynamics, species interactions, population 
structure, behavior/movement and scale. Scale and spatial analytics are underlying components of these ecological 
theory study areas. Modern inter-disciplinary analytics provide opportunities to further the science of Ecology. 
Landscape studies are inherently scale oriented and spatial. The study of landscapes originated in the 19th 
century as mapping and resource surveys described categorized environments and vegetation types. Early natural 
scientists began to search for the underlying principles that explain variations in plant and animal distributions 
(Wiens 2007). Landscapes have come to be known as mosaics of discrete bounded patches that are differentiated by 
biotic and physical structure or composition. Ecology highlights the interrelationship between biotic and abiotic 
factors in a landscape. Landscape Ecology can be thought of as a fusion of different disciplines: physical and human 
geography, soil science, ecology, land use planning, and landscape architecture. Wiens (2007) provided a definition 
which encompasses the origins of landscape ecology:  
“A spatially explicit perspective on the relationships between ecological patterns 
and processes that can be applied across a range of scales. The focus is on spatial 
heterogeneity, the notion that things vary among locations and that where things 
are, and where they are relative to other things, can have important consequences 
for a wide range of phenomena.”  
Bell et al. (2006) provided a more concise definition that is similar in scope: 
 “The study of processes occurring across spatially heterogeneous mosaics and 
the biotic responses to the resulting pattern”  
The concept of spatial heterogeneity is fundamental to Landscape ecology. Ecological phenomena are 
affected by changes in spatial heterogeneity. Along with spatial change, temporal dynamics also influence a 
landscape. Temporal dynamics relate to population growth and regulation, community dynamics, succession and 
evolutionary change. The degree to which heterogeneity is expressed depends on scale. Landscape ecology clarified 
the core problem of scale in ecology by showing how processes at various scales interact to shape ecological 
patterns. The regularities in these patterns have wide explanatory potential (Pickett and Cadenasso 1995). Landscape 
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ecologists strive to identify patterns and processes that are fundamentally important and test those concepts to refine 
the understanding of pattern-process relationships (Turner et al. 2001).  
1.3.1  Needs of Landscape Ecology 
The complex processes of coastal marine ecosystems, which are particularly susceptible to the increased 
stresses of anthropogenic factors such as coastal development and climate change, are in need of better 
understanding from a landscape perspective. These complex processes include the interactions between spatial 
variables including disturbances at varying scales and interactions between different trophic levels. A better 
understanding of these complex landscapes can support the information needs of regional scale management. There 
is a need to better quantify ecological changes relative to significant ecological disturbances, the disturbances often 
afflicting Florida’s coastal ecosystems such as hurricanes, harmful algal blooms and disease outbreaks.  The 
implications of these events can be far reaching, spatially and ecologically.  
A major barrier to progress in landscape ecology is the shift of spatial analysis to large landscape or 
regional scales (Haines-Young et al. 2003) where rapidly evolving data acquisition technologies, such as satellite 
sensors, present new spatial, spectral and radiometric information. There is a need for understandable, repeatable, 
scale independent system health indicators that leverage modern data acquisition and processing capabilities while 
accommodating resource management decision making needs.  
Scaling is a significant and persistent challenge in landscape ecology. It is critical that ecological 
assessments are able to decipher changes that are a function of a scale versus true ecological change. At what spatial 
scale is change ecologically relevant? Landscape ecology seeks to identify the scales which best characterize the 
relationship between ecological spatial diversity and ecological processes. Processes are scale dependent; a process 
may only become important at a certain scale. Spatial ecology must employ multi-scale perspectives by quantifying, 
integrating and comparing ecological patterns within and between systems (Rai 2013). An understanding of when 
spatial heterogeneity becomes truly significant requires testing of the generality concepts and a better understanding 
of the relationships between pattern and process at significant scales (Turner 2005).  Seasonal, annual and decadal 
temporal scales are also important factors to consider as coastal habitats are affected by stressors at these scales.  
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There are several open-ended yet relevant landscape ecology research questions. Questions include: “What 
spatial scales are appropriate for the analysis of particular ecological patterns and species response? How large does 
a patch have to be and how distinct from the landscape matrix before it can support a local population? How do 
processes operating at one scale relate to patterns and processes at another (Haines-Young et al. 2003)?” A better 
understanding of the ecological importance of spatial nonlinearities and thresholds is a significant and relevant 
research challenge (Turner 2005).  To properly address a research question, landscape ecology must address the 
scale components (temporal, spatial and process scales) of the research question as well as the interaction of 
influencing factors at appropriate scales. 
1.3.2  Needs of Seagrass Landscape Ecology 
In order to appropriately analyze and model the complexities of seagrass landscape, it is critical to have an 
understanding of the ecology along with related influencing factors. Seagrass landscapes demonstrate properties 
well suited for landscape ecology studies. The spatial configuration of seagrass has been shown to significantly 
influence marine fauna. Seagrass patchiness and landscape orientation are ecologically relevant to certain species. 
Gillanders (2006) emphasized a need for research of seagrass spatial configuration relative to fisheries at the 
landscape scale (tens of meters to kilometers). 
The spatial configuration of seagrass is directly influenced by acute anthropogenic stressors such as boat 
propeller damage (Baumstark et al. 2009) as well as more chronic anthropogenic influences such as coastal 
development and pollution (Short and Burdick 1996; Tomasko et al. 2005). Quantification of the landscape elements 
of seagrass ecosystems, particularly patch metrics and density coverage distribution, is necessary to detect fine scale 
changes over time. Landscape modeling and metrics can help elucidate the influence of external factors such as 
anthropogenic or natural disturbances on seagrass landscapes. There is a need to link finer scale seagrass patch 
properties such as size, complexity, and landscape position to larger scale structure and assemblage functions 
(Gillanders 2006). 
Choosing the proper metric, analysis and scale is not only a function of the research question, it is also 
dependent on the appropriateness of the metric or analysis for the system. This is particularly important in trying to 
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detect changes to a natural system over time as well as the causes of change. There are no guidelines on how to 
apply landscape metrics for seagrass change detection. For a landscape metric to be effective for monitoring 
landscape changes over time, it must be consistent, repeatable, applicable to accessible data sources, easy to 
understand and it must accommodate a management need. An overly complicated metric will not gain traction with 
resource managers who are not able to understand it. It must also be acknowledged that resource management 
decision making requires an adaptive process where general quantitative theories may not adequately describe the 
resource in question (Walters 1986). A theoretical fractal dimension metric with a recommended ‘healthy’ threshold 
derived from general ecological principles may not be useful in addressing a seagrass management question. 
Flexibility and experimentation can help produce an adapted strategy to meet a specific management need. 
The relationship between pattern and process should be the focus of landscape metrics. Quantification of 
landscape pattern has received a great deal of attention, we are able to quantify patterns, but we are do not 
necessarily know what the ecological importance of these quantified patterns is (Turner et al. 2001). The ecological 
responses to landscape patterns must be understood for metrics to have utility. Hypothesizing the spatial scale and 
process/pattern is useful for developing appropriate studies to correlate ecological, hydrological and anthropogenic 
processes.  
The need is not to create a new metric to quantify the complexities of seagrass configuration; there are 
several landscape configuration metrics that can be applied to seagrass. The need is for a quantitative method that 
best leverages the available remote sensing methods and techniques while addressing long term change detection 
monitoring needs at a regional scale. It is a method that goes beyond the one time analysis of a dataset with unique 
and complicated methods, and the method allows for the monitoring of seagrass status and trends in a meaningful, 
ecologically significant, way that allows for proper resource management decision making.  
Meaningful in this context is a reference to the practicality of information to suit and answer a particular 
question, a question whose answer will allow for proper resource planning and management. Meaningful analysis of 
change must be capable of distinguishing true change and artificial change propagating from other sources such as 
data collection inconsistencies or scale differences. This is particularly important for landscape ecology metrics 
based on remote sensing data and methods (Frohn 1997).  For a metric to be meaningful, it will need to be capable 
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of identifying change as a function of temporal and spatial scale while also providing a means for predictive analysis 
of status and trends. 
Meaningful change detection is a function of temporal scale. Changes in seagrass distribution and 
abundance can be a function of temporal scale. Seasonal changes create natural fluctuations which should not be 
used to infer long-term status and trends. In order to detect meaningful change, the method will need to be 
transferable to different data sources from different time periods. 
Meaningful change must also be a function of spatial scale. The characteristics of change are very different 
when viewing seagrass from different spatial perspectives. As a snorkeler, for instance, a 2-meter propeller scar in a 
seagrass bed is a strong feature that stands out at the seagrass patch scale, a feature that seems to disturb the 
continuity of the bed. From an aircraft, however, the propeller scar is a minute feature that blends in among all of the 
other natural inconsistencies of the complex landscape. Is the propeller scar relevant? The answer lies in the 
question. Bell et al. (2006) articulated the future needs of seagrass landscape ecology:  
“For landscape ecology to improve, a better ecological understanding of the relationships 
between the metrics used to quantify spatial structure and ecological processes must evolve. 
Currently, deciphering which metrics allow the best characterization of seagrass landscapes 
remains a relatively unexplored and important challenge.” 
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2. Literature Review 
2.1  Marine Applications of Landscape Ecology  
Most of the conceptual principles of landscape ecology are applicable to the study of marine landscapes. A 
small minority (4% in 2009) of landscape ecology research has been focused on coastal marine habitats (Newton et 
al. 2009). An understanding of the relationships between spatial pattern and ecological processes along with the 
effects of scale are critical for successful management of marine and coastal systems. Historically, a lack of broad 
scale data have made quantification of large scale marine patterns and processes difficult. The more recent 
availability of ocean observing systems including buoys and satellite systems have started to address this 
information need, but the third dimension added by the water column and its dynamic nature complicate the process 
of applying landscape ecology methods to the marine environment (Hinchey et al. 2008).  
Landscape ecology research has been applied to seagrass, where studying spatial organization of seagrass 
can help identify controlling processes (Fonseca et al. 2008). Robbins and Bell (1994) proposed a set of indices to 
quantify landscape elements. These include complexity of patch size and shape using fractal analysis, patch isolation 
based on patch distances, contiguity as a measure of patch aggregation or dispersion, diversity of landscape element 
types, dominance of landscape types and a scale-dependent measure of heterogeneity. These indices were proposed 
to detect and quantify the structure, function (interactions among spatial elements), and change of seagrass 
landscapes over a wide range of temporal and spatial scales. From a landscape perspective, seagrass habitats can be 
thought of as hierarchical arrangements of spatial structure over a range of scales (millimeters to kilometers; 
Robbins and Bell, 1994). 
There are examples of pragmatic approaches to landscape monitoring and assessment research. The 
Environmental Protection Agency (1994) used a 3-step process in its Landscape Monitoring and Assessment 
Research Plan. First, identification of a baseline (including social values) landscape condition based on analysis of 
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remote sensing imagery. Second, a land use and land cover change detection including scale and landscape pattern 
considerations resulting in a status and trends report. Third, when triggered by step two, an in depth analysis of 
landscape condition and associations with stressors. The plan implements landscape models including metrics for 
relating landscape pattern to wildlife habitat. 
2.2  Seagrass Spatial Ecology  
Seagrass meadows are very dynamic over space and time. A balance of processes that operate at different 
scales maintain a relatively stable system. External influences can however disturb the balance of processes which 
can result in meadow die-off. At the coarsest level, the balance is between shoot recruitment and shoot mortality. 
Resource availability limits shoot formation rates (Duarte et al. 2006). The spatial configuration of seagrass beds 
often is a direct reflection of surrounding processes including natural and anthropogenic disturbances along with 
hydrodynamic conditions. Patchiness of seagrass distribution, for example, is often related to the process of recovery 
from disturbances (Duarte et al. 2006). These influences and responses are constantly changing making seagrass not 
only spatially dynamic, but temporally dynamic as well. Recruitment, expansion and mortality of seagrass patches is 
continual. Horizontal rhizome extension, for example, is a dynamic component of patch expansion.  The branching 
and vegetative production of new shoots from rhizomes extending beyond patch edges allows for patch expansion. 
The frequency and rate of rhizome extension is a function of surrounding biotic and abiotic conditions such as light 
availability, sediment movement, temperature, and physical disturbance. When influencing factors and growth 
patterns are in balance, seagrass populations will retain relatively uniform patch distribution. Studying these 
dynamic properties provides an understanding of seagrass populations (Larkum et al. 2006) and landscape ecology 
can be used to evaluate the balance of influencing factors and growth patterns. 
A survey of 34 coastal resource researchers/ managers identified canopy cover and shoot density as primary 
indicators of seagrass health (Wood and Lavery 2000). Shoot density has also been considered as a seagrass 
indicator for environmental bio-monitoring (Martínez-Crego et al. 2008). Seagrass dampen the effects of wave 
induced sediment resuspension at the landscape scale (Koch et al. 2006) as well as the individual shoot scale where 
high seagrass densities (>1,000 shots m-2) attenuate more wave energy (Newell and Koch 2004). Faunal recruitment, 
abundance and richness increase with greater shoot density (Boström and Bonsdorff 2000). Modern image analysis 
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techniques can be used to quantify the spatial distribution of seagrass cover and biomass at landscape scales 
(Roelfsema et al. 2014). 
2.2.1  Physical Factors Influencing Seagrass Landscapes 
Physical factors can have a significant influence on seagrass distribution. Sources of disturbance include 
removal by physical forces, smothering by sedimentation, light deprivation from turbidity and displacement of seed 
banks (Duarte et al. 2006). Upland agriculture, urban land use, development/construction and water management are 
the primary external drivers that cause ecological stress for seagrass in the IRL St. Lucie Estuary (Sime 2005). Size, 
intensity and frequency are disturbance characteristics typically studied relative to landscapes. Hurricanes can 
produce large disturbances to coastal marine habitats and are relatively common in Florida. These large scale 
disturbances tend to redistribute sediment and seed banks, manipulating the spatial landscape. Hurricanes can 
produce large and rapid changes to seagrass beds through the increased action of waves and currents. Bell et al. 
(2008) described large scale disturbances to Halophila, a diminutive species of seagrass, and hard bottom in deep 
water (6-30 m) in South Florida attributed to Hurricane Irene in 1999. Large swaths of hard bottom were buried by 
sand containing seagrass seeds resulting in new seagrass beds over what was previously hard bottom areas. Smaller 
scale factors include things like boat propeller scarring in seagrass beds.  
Fonseca et al. (2008) compared the effects of wave exposure, tidal current speed and water depth to 
measures of spatial heterogeneity and abundance of seagrass. Current speeds and exposure to waves were found to 
strongly correlate with configuration of seagrass beds at the landscape scale. Water depth can also influence seagrass 
landscape as depth controls wave action and current speeds. Pace et al. (2017) found landscape spatial features 
seagrass in 6 – 11 m deep waters to be significantly affected by waves with more distributed and complex patch 
patterns occurring in higher wave energy areas. Seagrass and other biotic features also contribute to landscape 
pattern alterations. Newell and Koch (2004)  modeled sediment transport (source and sink) and water turbidity 
relative to seagrass density and distribution and found that seagrass density stabilized sediments by reducing wave 
energy.  
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2.2.2  Fauna-Landscape Interactions 
Anthropogenic and natural stressors can create habitat fragmentation (Opdam and Wascher 2004) which 
can cause seagrass patches to become increasingly isolated from one another which in turn leads to species’ declines 
(Schumaker 1996). Understanding the relationship between habitat structure and faunal habitat associations is 
central to understanding species’ distribution patterns (Knowles and Bell 1998). With seagrass, patch size and 
complexity have been shown to control blue crab survival (Hovel and Fonseca 2005; Hovel and Lipcius 2001). Blue 
crab survival rates have been linked to seagrass configuration properties such as patchiness and continuity (Hovel 
and Fonseca 2005; Hovel and Lipcius 2001). Seagrass spatial structure has been shown to influence the growth and 
survival of bay scallop (Irlandi et al. 1995) and can also influence rates of predation on seagrass inhabitants (Irlandi 
et al. 1995). Fish abundance and diversity are also tied to seagrass patch and landscape spatial variables (Gillanders 
2006; Jenkins and Sutherland 1997; Salita et al. 2003). Less mobile fauna, such as amphipods and polychaetes also 
correlate with seagrass patch shape and orientation to other landscape features (Tanner 2003).  
The effects of patch structural complexity can also be a controlling factor, but larger scale habitat structure 
studies are necessary for a more complete understanding (Bell et al. 2001). Staveley et al. (2017) compared fish 
species density, abundance, life stage and habitat preference groups to 15 landscape metrics and found significant 
correlations between fish assemblages and seagrass spatial patterns and complexity. Carbon storage (sequestration) 
in seagrass, is also correlated to landscape configuration, patchy seagrass meadows store less carbon than continuous 
meadows (Ricart et al. 2017).  
The preference of patch size by fauna can indicate a preference of edge or interior patch features. 
Fragmentation relates to patch edges and interiors which are ecologically relevant, more fragmented habitats create 
higher patch edge to interior ratios. Connolly and Hindell (2006) found that some species exhibit higher 
concentration of prey at the edge of patches than the interior of smaller patches. Smaller seagrass patches have been 
found to correlate with higher rates of predation (Laurel et al. 2003). Tanner (2005) found that crustaceans respond 
dramatically to patch edges with the greatest abundances at the seagrass/sand boundary. Jelbart et al. (2006) found 
consistent and strong edge patterns with higher fish abundance and species richness near edges, though in smaller 
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patches of seagrass, the edge effect was no longer present. Similar edge effect trends have been found with 
amphipods and gastropods (Bologna and Heck 2002).  
Individual patch attributes do not fully explain variations in the abundance of fauna, the orientation of 
landscape features is relevant to species which traverse patches. Faunal distribution, abundance and movement 
patterns have been shown to correlate with landscape properties with relationships unique to species and functions 
of scale. Movement and habitat use patterns are unique to a species, and prudence should be practiced inferring 
landscape/abundance relationships between species. Definitions of habitat connectivity should be predicated on 
animal movement given that their natural histories are linked to landscape pattern through their movement 
(Schumaker 1996). Not all species show correlations to the landscape. Lefcheck et al. (2016) tested for faunal 
response to seagrass patch fragmentation and size and found abundance, species richness, diversity, and composition 
were for the most part unaffected by the size of the landscape, the amount of patches or the size of patches. The 
findings were attributed to the mobility and short life stages of organisms studied. 
2.2.3  Temporal Effects on Seagrass Landscape Structure 
Seagrass abundance and distribution is also a function of season. Seventy percent of annual seagrass 
biomass variability occurs as seasonal changes with a maximum biomass between July and August (Duarte 1989; 
Jensen and Bell 2001) with reports of twofold shoot density changes for some species (Hovel and Lipcius 2001).  
Duarte (1989) also noted that max biomass was only weakly related to annual production. Landscape patterns are 
influenced by these seasonal changes. Bell et al. (1999) described patterns of margin seagrass bed formation being 
related to summer months and interior seagrass bed formation originating in the winter months (Bell et al. 1999). 
Robbins and Bell (2000) described annual and seasonal variations in seagrass patch numbers and hypothesized that 
seasonal storm events may be a control for landscape heterogeneity. Seasonal variations in seagrass landscape 
patterns can be stronger than decadal variations (Cuvillier et al. 2017). Both decadal and inter-annual scale 
monitoring can provide informative indicators of ecosystem health, but natural temporal fluctuations must be 
understood. 
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Monitoring of seagrass trends over time requires consideration of temporal scales and the properties of 
seagrass that relate to those scales. If the goal of a research effort is to monitor the long term effects of an 
anthropogenic influence such as increased nutrient loading, consideration must be given to the natural fluctuations in 
seagrass relative to seasonal patterns. If, for example, bi-annual monitoring is conducted over a span of decades to 
monitor change in seagrass distribution and abundance, samples must be taken at comparable times of year and the 
timing/influence of solitary events (such as a major storm) must also be considered. 
2.3  Quantitative Landscape Metrics 
The quantification of landscape properties, the interactions between ecological processes and spatial 
patterns, informs ecological study. Landscape metrics are measurements of landscape spatial patterns. For 
quantitative landscape metrics to be ecologically useful, they must be empirically related back to ecological 
processes, an often overlooked critical step (Li and Wu 2004). The ecological process being studied will dictate the 
identification and selection of an appropriate indicator metric. Landscape metric analytics have traditionally 
operated under the model of a landscape represented as a mosaic of discretely bound patches (patch matrix model). 
Advances in computing technology allow for more complex gradients where landscape features are represented by 
continuous pixels (unclassified). The gradient model has been found useful for quantifying patterns in landscapes 
undergoing subtle natural changes whereas the discrete patch mosaic model is more appropriate for landscapes 
undergoing dramatic changes from disturbances such as anthropogenic activity (Lausch et al. 2015). Landscape 
metrics have many commonalities and differences, their ability to measure landscape patterns also differ 
substantially (Li et al. 2005). 
2.3.1  Landscape Composition, Configuration and Patch Shape 
Landscape composition metrics typically quantify the composition of a landscape but they do not consider 
the spatial position of elements within the landscape. Metrics such as dominance, proportion, evenness and relative 
richness metrics are used to measure landscape diversity. They describe the proportions of each cover type. 
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Composition metrics are intended for landscapes where variability in habitat types is ecologically relevant (Urban 
2006). Seagrass mapping often only differentiates between the absence and presence of seagrass. 
Spatial configuration metrics are used to quantify the tendency of habitat patches to cluster or clump into 
large patches and have traditionally been used to measure the degree of landscape fragmentation (O'Neill et al. 
1988)  by measuring the adjacency, proximity, spatial distributions, directional patterns, and degrees of aggregation 
or isolation of landscape components (Frohn 1997; Turner et al. 2001). The spatial distribution of seagrass is also 
relevant for the monitoring of status and trends, which depends on the mapping and monitoring of habitat 
distribution and abundance. 
The complexity of shape has implications for ecological analysis. Metrics such as Fractal dimensions 
provide a means for describing the complexity of a shape (Barillé et al. 2010; De Cola 1989). Natural features tend 
to be more complex than man made features, and fractal dimensions can be used to measure degrees of human 
disturbance (Frohn 1997).  Seagrass patch edge complexity has been correlated to biotic factors such as fish 
abundance (Salita et al. 2003).   
Shape complexity and scale are complimentary concepts in spatial analysis. A natural features complexity 
is a function of the scale at which it is observed. The general area of an object remains similar across different 
scales, a natural object’s bounding shape however tends to become more detailed, and more sinuous, at finer scales. 
A simple metric used to measure shape complexity is a perimeter to area ratio. There are limitations to applying 
shape complexity metrics when working with remote sensing data. A metric must maintain consistency in 
quantifying or qualifying an observed phenomenon. Metrics must be independent of characteristic variation in 
remote sensing data, particularly the properties of pixel resolution, while still being sensitive to actual changes in the 
landscape (Frohn 1997).  
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2.4  Tools for Extracting, Measuring, Assessing Spatial 
Landscape Information  
GIS, Remote Sensing, geospatial statistics and spatial modeling provide the primary data and tools for 
mapping and monitoring of coastal marine habitats. Natural resource mapping survey efforts employ different 
technologies to map habitat components, typically the type and extent/distribution of habitat. Determining the 
optimal combination of technologies for habitat mapping is a challenging task as different habitats require different 
applications (Harris and Baker 2011). Mapping and monitoring at seasonal, annual and decadal time scales provides 
the information needed to detect changes in coastal habitat over time. These mapping and monitoring efforts seek to 
measure the status and trends of coastal habitat and ecological communities to assist mangers in understanding, 
protecting and restoring natural resources (Arkema et al. 2006; Crowder and Norse 2008; Green et al. 2000). 
2.4.1  Spatial Analysis Tools 
Satellite remote sensing imagery revolutionized land cover mapping with the introduction of Landsat 
Thematic Mapper in the 1970s which provided global coverage at high temporal and spatial resolution. Over the 
years, sensor and data processing technologies have progressed significantly and the methods for mapping the 
Earth’s surface have evolved. The availability of continuous spatial information provided by remote sensing and 
advancement in spatial analysis techniques supported by powerful personal computing began to address the need for 
synthesized natural resource information at an operational level. Methods and techniques have been gradually 
developed into standards for terrestrial needs and have begun to adapt to coastal marine needs (Hinchey et al. 2008; 
Robbins and Bell 1994). 
Remote sensing provides the ability to collect large swaths of continuous synoptic information. This ability 
to collect information remotely is advantageous to coastal marine research as access to the seafloor by boat is 
usually complicated and costly. The presence of the water column complicates the process of data acquisition, water 
constituents, water surface conditions (chop) and light attenuation must be accounted for in analyzing spectral 
information of the seafloor. Remote sensing also provides the techniques for processing these spectral data. 
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Advanced tools and algorithms can be used to pre-process (radiometric corrections, atmospheric corrections, image 
registration), analyze (pixel classification), post process (generalize, error report) and visualize imagery. These tools 
play a critical role in the data acquisition and processing components of spatial analysis (Jensen 2000). The 
continuous flight of satellite sensor platforms accommodates time series information collection for detecting habitat 
change over time. Differences in factors such as sensor type, atmospheric conditions, water column composition and 
sun angel must however be considered when comparing imagery for change detection type studies (Yu et al. 2008).  
Satellite based imagery sensors and image processing techniques can provide more affordable options for 
mapping seagrass distributions than traditional techniques of photo-interpreting aerial photography (Baumstark et 
al. 2013). Image processing techniques including pixel classification, image segmentation and object based 
classification have been proven effective in mapping seagrass distributions using satellite imagery particularly the 
more recently available very high resolution (VHR) imagery such as IKONOS, QuickBird-2 and WV-2.  Benfield 
et al. (2007) reported VHR IKONOS and QuickBird imagery as superior to Landsat imagery when employing 
pixel classification techniques. Mumby and Edwards (2002) were able to discriminate coral, macroalgae, seagrass 
and sand from IKONOS data using supervised pixel classification. In some cases where water clarity is consistent 
and high, such as the Bahamas, sensor values can be transformed to reflectance which allows for classification 
using spectral libraries (Louchard et al. 2003). Additional spectral resolution provided by hyperspectral imagery 
such as the airborne HyMap and CASI-2 has proven useful for seagrass pixel classifications (Peneva et al. 2008; 
Phinn et al. 2008). Acoustic data provide very different types of information than spectral data, it can be used to 
augment spectral information when mapping seagrass, particularly in deeper more turbid waters (Fornes et al. 
2006). Pu and Bell (2017) postulated that higher pixel resolution and thorough pre-processing, particularly water 
column attenuation corrections, improved seagrass mapping accuracy.  
With few exceptions, most seagrass mapping efforts have limited seagrass density to a coarse two or three 
category system such as dense and sparse-medium photo-interpreted polygons (Florida Department of 
Transportation Surveying and Mapping Office 1999) or pixel level arbitrary density indexes such as Wang et al.’s 
(2007) 3-category system of high-density (50–100%), low-density (5–50%) and unvegetated (<5%). Phinn et al. 
(2008) experienced limited success in mapping seagrass species and biomass with hyperspectral and VHR imagery 
related to field data. In practice, categorizing density of seagrass in mapping efforts has been a coarse and mostly 
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subjective process that does not consider important spatial configuration properties such as patch size, edge 
complexity, patch distribution, and scale. Methods have been proposed for quantifying density (Baumstark et al. 
2013; Lathrop et al. 2006), but spatial configuration was not quantified. 
Data processed and collected with Remote Sensing techniques provides core data for GIS analysis. GIS 
provides the tools that allow for the representation of spatial features as discrete entities that have unique attributes 
and relationships with other surrounding features. Object Based Image Analysis (OBIA) integrates image processing 
and GIS functionalities to delineate image objects using both spectral and contextual information. OBIA techniques, 
specially designed for processing VHR image data, have become increasingly popular in published research 
(Blaschke 2010) and have proven useful in analyzing structurally and biologically complex areas such as coral reefs 
(Phinn et al. 2012) and spectrally similar coastal marine habitats (Baumstark et al. 2016). Benfield et al. (2007) 
found the integration of OBIA methods with non-spectral ancillary data to provide better coral reef mapping 
accuracy than common pixel classifiers such as maximum likelihood classifier. Remote sensing and GIS tools have 
proven effective tools for mapping seagrass over the past couples of decades (Pasqualini et al. 2001) and the 
progress in the field of seagrass ecology relies on the advancement of these technologies (York et al. 2017). 
2.4.2  Change Detection  
Remote sensing methods and techniques are commonly used to monitor landscape changes over time. 
These methods have been proven effective in monitoring change of coastal marine habitats. Berlanga-Robles and 
Ruiz-Luna (2002) conducted a multi-temporal change detection study of mangroves and salt marsh in Mexico that 
spanned back to 1973. The availability of satellite imagery has stimulated a range of change detection applications 
and algorithms that include segmentation, thresholding, differencing, trajectory classification, regression and 
statistical boundary (Zhu 2017). These satellite remote sensing based change detection techniques have also proven 
effective for assessing seagrass in Florida (Pu et al. 2014). The freely available, long-term Landsat satellite program 
provides historical data that can be used for retrospective seagrass change detection studies (Dekker et al. 2005; 
Knudby et al. 2010; Lyons et al. 2012). However, more recent VHR satellite imagery provides more accurate 
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seagrass change detection than longer-term moderate resolution satellite imagery such as Landsat TM (Yang and 
Yang 2009).  
OBIA change detection analysis (as opposed to pixel by pixel change detection) has also been applied to 
coastal ecosystems, including mangroves (Conchedda et al. 2008) and seagrass (Roelfsema et al. 2014). Pixel by 
pixel landscape change detections do not take into account landscape spatial patterns and while OBIA methods 
consider the spatial arrangement of pixels, they do not quantify landscape spatial properties. Quantitative landscape 
metrics provide the landscape pattern details needed to evaluate landscape changes relative to underlying causes of 
change. 
2.4.3  Uncertainty and Accuracy 
Unwin (1995) defined uncertainty as a quantitative measure of doubt and distrust for a finite decision. 
Taylor (1996) defined accuracy as the degree of closeness of a measured or calculated quantity to its true value. In 
spatial analytics, there is an additional important distinction made between accuracy and precision. Accuracy refers 
to the degree with which measurements represent reality, whereas precision refers to the reproducibility of a 
measurement. Wu et al. (2006) described two primary sources of uncertainty in ecological analysis. Model errors, 
which include structure and parametrization of the model, and data errors, which include data quality (measurement 
errors), lack of data (spatial and temporal coverage), natural variability in data, data sampling errors, and data 
storage errors. 
Land cover mapping based on the classification of remotely sensed imagery typically provides source data 
for ecological analysis. Classification methods and data preprocessing (e.g., atmospheric correction) affect 
classification accuracy. Calculations of classification uncertainty are related to classification methods and are 
derived as a pixel by pixel quantification. The confusion matrix is the core quantitative measures of accuracy for 
remote sensing based classification methods (Congalton and Green 1999). Misclassifications are common problems 
in habitat mapping; seagrass mapping is no exception (Knudby and Nordlund 2011). Reporting on the accuracy of 
classification efforts does however provide an important indication of what the likelihood of misclassifications are.  
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Classification accuracy is also a function of pixel size relative to the size of objects being classified in the 
image. Relative pixel size impacts the within-class variance and the thematic level of classification that can be made 
(Wu et al. 2006). Lathrop et al. (2006) found that the mismatch between OBIA maps and field samples relates to the 
minimum mapping unit for seagrass maps. Yu et al. (2008) found object size to be positively related to classification 
uncertainty since large objects are more likely to compose a mixture of spectral signatures of different objects.  
Scale is an important factor that must be considered in uncertainty and accuracy assessment. The 
complexity of ecological systems caused by spatial heterogeneity and nonlinear relationships makes uncertainty and 
error inevitable (Wu et al. 2006). Complex landscapes are difficult to model across spatial scales with a high 
confidence. In situations where information is imprecise, simple models tend to produce less error.  He and Reed 
(2006) proposed an alternative approach to reduce complexity in landscape model predictions.  At the landscape 
scale, uncertainty was reduced by simplifying complex landscapes into components that are better suited for 
particular extrapolations methods. This approach focuses on scales where landscape variation has the most impact 
on ecosystem dynamics.   
 
2.5  Scale Issues in Ecology 
Scale is a unifying concept among all disciplines of science, it is also a common challenge. It is well known 
in ecology that pattern and process are scale-dependent. As scale changes for a particular phenomenon, new 
processes and patterns are revealed and controlling factors shift. Wu et al. (2006) described some common concepts 
and terms for scale and scaling. Phenomena fit within three dimensions of scale: space, time and organizational 
level. Within these dimensions, there are several kinds of scale: intrinsic scale, observation scale, experimental 
scale, analysis/modeling scale, policy making scale, etc. The components of these scale include the cartographic 
scale (map scale), grain (smallest resolvable homogenous object i.e. spatial resolution, minimum sample unit size or 
image pixel size), extent, coverage (sampling intensity over space and time), and spacing (interval between adjacent 
samples).  
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Scaling in ecology involves the translation of information between or across spatial and temporal scales or 
organizational levels. Scaling is necessary in ecological research as the scale of data acquisition normally differs 
from the scale of analysis. The scale of analysis must also be calibrated to ecological relevance. Scale defines the 
level at which an observation of a phenomenon is made. In order to detect the phenomena of interest and to derive 
relevant results, the correct scales must be used. Furthermore, for effective ecological policy making, the scale of 
policy implementation must match the intrinsic scale of the problem being studied. Connectivity is a matter of scale 
(Haines-Young et al. 2003). Mixing scales can cause errors in detecting relationships between variables (Fonseca et 
al. 2002; Wu et al. 2006). Three primary studies of scale in ecology include (1) characteristics of scale where 
distinctive scales characterize natural phenomena, (2) scale effects where changes in study scale create changes in 
results, and (3) the effects of information transfer between scales (scaling up or down, Wu et al. 2006). 
2.5.1  Scale Considerations in Coastal Marine Habitat Research 
Ecological systems tend to have a hierarchical structure (Wu and Loucks 1995). Seagrass ecology can be 
approached from the scale of individual blades to groups of shoots that make up larger beds and even further to large 
area regional distributions. Variables that influence organisms that depend on seagrass change at different scales. At 
the individual patch scale, shoot density, length, width and biomass are primary influencing factors (Worthington et 
al. 1992). At the inter-patch scale, patch size, shape, orientation, and within patch density become primary 
influencing factors (Bell et al. 2001; Hovel and Lipcius 2001; Tanner 2003). At the regional landscape scale, degree 
of patchiness, patch isolation, and patch position relative to other habitats become factors influencing organisms 
(Hovel and Lipcius 2001; Jenkins and Sutherland 1997; Nagelkerken and Van der Velde 2002; Salita et al. 2003). 
Annual, inter-annual and decadal temporal scales must also be considered. Seventy percent of annual seagrass 
biomass variability occurs as seasonal changes (Duarte 1989). Natural and anthropogenic disturbances affect long 
term fluctuations in seagrass distributions. The long term influence of disturbances changes relative to factors such 
as latitude, depth and species (Duarte et al. 2006).  
Generalizing seagrass ecological information based on fine scale samples collected over coarse scale areas 
has the potential to be highly misleading, particularly in patchy seagrass environments (Fonseca et al. 2002). 
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Ecological studies often focus on single geographic scales and tend to use a bottom up approach rather than 
investigating at scale intervals. Worthington et al. (1992) found that the fine spatial scale of seagrass shoot density 
explains very little of the large scale variation of fish and decapod abundance. Pu and Bell (2017) applied Ripley’s 
K function to IKONOS at different spatial scales, which revealed that different spatial patterns (dispersed, random 
or clustered) became apparent and different spatial scales.  In a study of multiple seagrass species growth 
dynamics, Kendrick et al. (2008) found that fine scale shoot studies only partially explain the spatial structure of 
landscape scale seagrass assemblages and that large scale research is required to interpret the processes driving the 
spatial patterns of growth dynamics. Scaling up fine scale information to make inferences about landscape level 
seagrass processes can prove fallible. 
The relative significance of anthropogenic threats changes with spatial scale. Ecosystem level impacts, 
cumulative effects and the options for management/mitigation of anthropogenic threats are functions of the scale of 
interest (local, regional or global), among other things. Given that ecological processes are dependent on spatial and 
temporal scale, a process at any one scale may be affected by factors at other scales. Scale in ecological systems can 
be thought of as organized interactive complexity. Attempts to identify scale invariant processes can be futile 
(McDonnell 2003), and processes are inherently scale dependent. For ecological processes to be fully understood, a 
multi-scale approach to analyses should be considered (Lloyd et al. 2006). 
 
2.6  Mapping and Monitoring Seagrass in Florida 
Seagrass mapping along with quantitative and qualitative monitoring provides a means to assess the health 
and condition of seagrass communities. Seagrass are widely distributed across the entire state making 
comprehensive mapping efforts a significant undertaking. Detailed in situ monitoring of seagrass abundance, species 
composition, and depth distribution allows for monitoring of fine scale changes that indicate responses to natural 
and anthropogenic disturbances while mapping efforts accommodate the needs of landscape scale monitoring. 
Quantitative methods for mapping and monitoring changes in seagrass configuration statewide are lacking. 
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The Seagrass Integrated Mapping and Monitoring (SIMM) project seeks to ensure seagrass maps are 
updated at least every 6 years statewide (Yarbro and Carlson 2013). In Florida, seagrass mapping efforts are 
conducted by various entities, primarily the 5 water management districts.  Seagrasses are widely distributed across 
the entire state making comprehensive mapping efforts a significant undertaking. In Florida, photo-interpretation of 
aerial photography is the commonly used technique for Seagrass mapping (Dekker et al. 2006; Yarbro and Carlson 
2013). In making comparisons between seagrass mapping datasets, limitations of and differences between methods 
must be considered. Mapping method differences include digitization scale, image resolution, study area extent, 
classification system, season, time between mapping events and water clarity changes (Debra Childs Woithe Inc. 
and PBS&J 2010; McKenzie et al. 2001).  
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3. Dissertation Research Objectives 
A novel approach to coastal landscape monitoring will combine satellite image processing techniques and 
landscape metrics to quantify seagrass landscape changes caused by an unusual seagrass die-off event in the Indian 
River Lagoon (IRL), Florida. An unprecedented algal super bloom in 2011 resulted in a massive seagrass die-off. 
Several years later, scientists continue to decipher what caused the bloom, the subsequent seagrass die-off and what 
the lasting effects on the ecosystem are. The IRL seagrass die-off has been measured in terms of total area and 
monitored with fine scale in situ transect surveys (Morris et al. 1999), but it is unknown how the landscape structure 
changed relative to the die-off.  
The constantly improving spatial and spectral information provided by airborne and satellite sensors 
presents opportunities to monitor more subtle yet ecologically important changes in habitat spatial structure. Modern 
data acquisition and data processing techniques will be leveraged to provide insight into how seagrass landscape 
structure, which influences landscape and ecological processes, changed following the 2011 IRL algal super bloom. 
Seagrass will be mapped from satellite imagery on a pixel by pixel basis for time periods before and after the super 
bloom event. Quantitative metrics will be applied to the classified results and the metrics will be evaluated for their 
ability to detect seagrass landscape changes. Evaluations will consider the effects of differing spatial scales and 
detectability of minor (less than 30%), moderate (between 30% and 70%) and major (greater than 70%) loses in 
seagrass coverage.   
Understanding the relationship between habitat structure and faunal habitat associations is central to 
understanding species’ distribution patterns. Landscape metrics provide quantitative methods for measuring 
landscape pattern details which can also enhance mapping and monitoring to support better informed status and 
trends analysis. While this research intends to quantify and better understand the response of a seagrass ecosystem to 
an extreme event in a particular location, it also adds to the body of scientific knowledge needed for informed 
natural resource management decision making by better quantifying coastal marine landscape changes. 
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The IRL seagrass die-off has been measured in terms of total area and monitored with fine scale in situ 
surveys, but there is little information on how the seagrass landscape structure changed relative to the die-off. 
Currently, in situ monitoring such as Braun-Blanquet transect surveys provide information on seagrass abundance 
(percent biological coverage), but the extent of this information is limited to a 1 m2 area, and does not provide 
information on the total area or spatial extent changes at the estuary level. In situ surveys also tend to focus on 
specific areas, such as the deep water edge of seagrass where water clarity has the greatest influence. On the other 
hand, maps created from photo-interpretation of aerial photography provide extent and distribution information, but 
they do not provide detailed information such as percent cover or species composition.  Due to the aggregation of 
beds and patches needed to accommodate minimum mapping unit specifications (0.25 acres for Saint Johns River 
Water Management District [SJRWMD] IRL maps), photo-interpretation does not measure landscape configuration 
properties such as patchiness and the general nature of hand drawn polygon boundaries does not support 
measurements or patch edge complexity. Landscape metrics can be used to detect spatial configuration changes in a 
landscape over time, but appropriate metrics must be studied and applied at appropriate scales. Two primary 
objectives will be employed to quantitatively assess landscape changes following the seagrass die-off event in the 
IRL. 
 
1. Describe landscape changes caused by a seagrass die-off event in the IRL using quantitative spatial metric 
analysis of multi-temporal satellite imagery. 
2. Evaluate quantitative metrics for their capability of detecting seagrass landscape changes using varying spatial 
resolution source imagery. 
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4. Study Area: Indian River Lagoon 
4.1  The Indian River Lagoon 
The Indian River Lagoon (IRL) is a diverse estuary spanning 251 kilometers along the Florida East Coast. 
The IRL is the endpoint for a large watershed (Figure 4.1) and includes over 5,700 square kilometers of estuarine 
waters spanning across 5 counties. The estuary is connected to the Atlantic Ocean by 5 ocean inlets. The IRL is 
designated an Estuary of National Significance, an Aquatic Preserve and an Outstanding Florida Waterway. Three 
distinct waterbodies make up the IRL, Mosquito Lagoon, Banana River and the Indian River. Home to more than 
2,100 different plant species and more than 2,200 species of animals, the IRL is one of North America’s most 
biologically diverse estuaries in the United States (Florida Atlantic University 2016). A diverse range of species is 
supported by healthy seagrass meadows, mangrove forests, and saltmarsh habitats in the lagoon. The IRL is an 
important commercial and recreational fishery with a total estimated annual economic value of $3.7 billion (Saint 
Johns River Water Management District 2015).  
Seagrass species are also diverse in the IRL, all six tropical western hemisphere species including the 
lagoon specific Endangered Species Act listed Halophila johnsonii, are present in the IRL. The most common 
species are Halodule wrightii and Syringodium filiforme while Ruppia maritima is the least common, limited to 
shallow waters, and Thalassia testudinum is only present in the southern IRL. Halophila decipiens, Halophila 
englemannii, and Halophila johnsonii can be found in deeper water (Dawes et al. 1995; Morris et al. 1999; 
Provancha and Scheidt 1999). 
The IRL is a region of particular concern, rapid development throughout the region compounds the fact that 
the IRL is hydrologically restricted and prone to water quality issues such as abnormal algal blooms. Threats to the 
IRL include degraded water quality caused by man-made hydrologic alterations, non-point source pollution, 
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destruction and fragmentation of habitats, over extraction of resources, and threats of invasive species (Florida 
Atlantic University 2016).  
 
Figure 4.1 IRL watershed (blue line) and northern IRL area (red line). 
 
 
Figure 4.2 The Banana River study area in the northern IRL 
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4.2  IRL Super Bloom Event 
The IRL experienced an unprecedented algal ‘super’ bloom in 2011 which resulted in a significant seagrass 
die-off in the northern IRL Banana River (Figure 4.2). Kamerosky et al. (2015) used Medium Resolution Imaging 
Spectrometer (MERIS) satellite imagery to monitor the super bloom based on multi-spectral sensing of Chlorophyll 
a concentrations. It was found that Chlorophyll a concentrations were 8 times higher than historic levels and 
persisted for up to 7 months in several parts of the IRL (Figure 4.3). 
 
Figure 4.3 Chlorophyll a concentrations in the Northern IRL depicting the IRL super bloom event in 2011 (From 
Kamerosky et al. 2015)  
 
 This northern part of the IRL is particularly sensitive to pollutants as it is characterized by longer water 
residence times than the central and southern IRL; nutrients and blooms are not quickly flushed out of the area 
(Phlips et al. 2010). Large phytoplankton blooms can disrupt the stability of these coastal systems and threaten 
public health. The super bloom affected the IRL ecosystem in several ways. A massive seagrass die off was 
attributed to increased light attenuation in the water column caused by the algae bloom (Indian River Lagoon 
Consortium 2015). IRL fisheries such as seatrout, and other fauna are dependent on seagrass. Fish kills were 
reported in the lagoon during the algal bloom and in 2013 and unusual pelican and manatee mortality events 
occurred. It is as of yet unproven that the mortalities were related to the super bloom. 
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4.3  Study Area Characteristics  
4.3.1  Phytoplankton  
Algae are aquatic plant-like organisms that include single celled phytoplankton and larger simple structures 
such as seaweed. Problematic algal bloom events in the IRL are primarily comprised of phytoplankton. IRL is a 
nutrient-rich environment where phytoplankton blooms are moderated by ecological functions including hydraulic 
flushing (higher abundances occur in regions with less flushing), grazing and nutrient loading (Phlips et al. 2002). In 
the IRL, phytoplankton blooms exhibit spatial and temporal patterns. Areas of the IRL with restricted flow to the 
Atlantic ocean (not near barrier island inlets) were found to be more susceptible to large blooms while both 
abundance and species composition of blooms were correlated to both spatial and temporal factors such as weather 
patterns and seasonal temperature changes (Badylak and Phlips 2004).  
Based on 10 years of water quality sampling data in the IRL, Phlips et al. (2010) described the relationships 
between trends in climate patterns and phytoplankton distribution, composition, and abundance of the phytoplankton 
community. Algal bloom events in the central lagoon were found to be less frequent than in the northern IRL and 
were not correlated to periods of high rainfall. Phlips et al. (2010) surmised that phytoplankton dynamics are a 
function of ecosystem characteristics and temporal climate trends and the influence of these functions differ between 
IRL regions.  
4.3.2  Water Quality 
Sixteen waterbodies in the IRL Basin are listed as impaired based on algal bloom abundance from nutrient 
loading and low Dissolved Oxygen. Total Maximum Daily Load (TMDL) nutrient criterion focus on balanced 
populations of aquatic fauna and flora (Gao 2009). When the balance is thrown off by external factors such as grazer 
die off or unmanageable growth caused by excessive nutrients, a harmful algae bloom can occur. Annual 
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chlorophyll a concentrations are used to track the extent of algal blooms (Gao 2009). Basin Management Action 
Plans (BMAPs) were produced for the IRL in 2013, but the lagoon is still experiencing serious water quality issues, 
as indicated by an unusual brown tide and fish kill event that occurred in Spring 2016 (Wayner 2016). 
4.3.2.1  Nutrients 
Nutrient loading was known to be a problem in the IRL before the 2011 super bloom event. Sigua and 
Tweedale (2003) reported annual external loadings for the IRL at 832, 645 kg of total nitrogen (TN) and 94,476 kg 
total phosphorus (TP) from storm water discharges and agricultural runoff per year. Other major TP and TN 
contributors include sediment deposits, atmospheric deposition, groundwater and point effluent discharge. Sigua and 
Tweedale (2003) went on to hypothesis that the current rate of nutrient loading into the IRL watershed was causing a 
shift in the base trophic layer, primary producers, from macrophyte to phytoplankton, a shift to an algae based 
system. 
Blooms may be stimulated by a positive feedback between grazing disruption and nutrient loading. Kang et 
al. (2015) performed experiments during brown tide bloom events in the hypersaline IRL to better understand how 
interactions of grazing and nutrient availability in bloom limit bloom development. Factors controlling the IRL 
bloom included nutrient availability, grazing mortality, hypersalinity, and competition with other plankton.  
4.3.2.2  Other Water Quality Impairments 
Reduced dissolved oxygen (DO) can result from eutrophication as well as other factors including increased 
temperature, increased salinity, decreased flow, water depth (deep waters are cooler and higher pressure) and 
decreased photosynthesis. Low DO can cause unusual fish mortality events and has been cited as an impairment for 
the IRL. Excessive freshwater input causes problems by transporting terrestrial pollution as run-off and altering 
salinity. Estuaries subject to eutrophication are exposed to sulfide as sulfate reducing bacteria decompose organic 
matter (Holmer et al. 2003). Increased sulfide in sediments can be detrimental to seagrass.  Sedimentation from 
freshwater sources, dredging, lack of bottom stabilizing seagrasses, hardened shorelines and wind/wave activity can 
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reduce water clarity. The interconnectedness of these habitat alterations and pollutants creates complex cause and 
effect relationships. 
4.3.2.3  Sources of Pollutants 
Point source pollution in the IRL includes storm sewer systems as well as domestic and industrial waste 
water treatment facilities. Point source pollution has been minimized with the implementation of the EPA’s National 
Pollution Discharge Elimination System (NPDES) authorized for FDEP implementation in 1995 and the IRL Act 
passed by the Florida Legislature in 1990. The IRL Act required sewage treatment plants to stop discharging into the 
lagoon by 1996 (Banana River Lagoon Stakeholders and Florida Department of Environmental Protection 2013). 
Eutrophication is however still a problem for the lagoon. Lapointe et al. (2015) claimed that the current nutrient 
loading and subsequent algal blooms are still sewage-driven based on empirical comparisons with other known 
systems. Non-point source septic systems are common in communities along the lagoon. In the absence of discharge 
from sewage treatment, these non-point sources become the primary culprit for sewage discharge. Population along 
the IRL has increased significantly over the past decades. According to the US Census Bureau, the population in the 
IRL region has increased nearly 7-fold from approximately 250,000 in 1960 to nearly 1.7 million.  
The IRL is the endpoint of water for a very large watershed with a large catchment area. Land use and land 
cover has been changed significantly with growth and development over the years. The IRL watershed is currently 
dominated by urban (39%) and agriculture (24%) land (Lapointe et al. 2015). Citrus is the primary agriculture type 
in the sub-basin. Hanisak (2001) identified a strong negative correlation between salinity in the IRL and nutrient 
concentrations indicating that during times of high terrestrial runoff from the watershed, the influx of freshwater 
lowers salinity while at the same time nutrient concentrations increase. Less influential sources include submarine 
groundwater sources and biological nutrient fluxes caused by changes in biomass.  
4.3.3  Seasonality and Climate 
Distinct wet seasons (June through October) and dry seasons (November through May) dictate water 
quality indicators, including specific conductivity, turbidity, color and chloride (Qian et al. 2007). Seagrass beds 
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fluctuate in biomass in response to seasonal changes in environmental conditions, primarily shifts in light 
availability and temperature. Seagrass growth and biomass increases in spring, peaks in the summer and declines in 
autumn (Duarte 1989; Kenworthy et al. 1993).    
Annual rainfall was low in the region for several years leading up to the IRL super bloom event. Low 
rainfall and abnormally high salinities were recorded for as long as 23 consecutive months, particularly in flow 
restricted Banana River, indicating reduced water exchange, less dilution of nutrients and less dispersion of 
phytoplankton. Water temperatures were also unusually low for two consecutive years preceding the super bloom 
event, which likely stressed seagrasses and killed cold sensitive species including primary consumers which 
otherwise would have competed for the nutrients that fueled the super bloom (Indian River Lagoon Consortium 
2015).  
 Tropical storms and hurricanes can also have extensive effects on ecosystems, particularly in Florida 
where they occur relatively often. Storm associated high winds and high river discharge from rivers caused by 
extreme rain results in salinity reduction and increased suspended sediments which reduce water clarity. The year 
2004 was a particularly busy year for storms in Florida. Within a 2-month period from August through September, 4 
named storms impacting the central IRL with unconventionally high rainfall and wind. Following the event,  
Steward et al. (2006) reported significantly lower salinities and high turbidity. Tropical storms are also known to 
cause excessive discharge of nutrient laden water from Lake Okeechobee (Lapointe et al. 2012). Given the 
significance of climate events on IRL water quality, climate change could further exacerbate water quality problems 
in the IRL with more extreme and frequent climate events.  
4.4  Seagrass Die-off 
Seagrass, like their terrestrial angiosperm counterparts, require light, carbon and nutrients, but the 
availability of these resources is very different in the marine realm. Light is attenuated by water exponentially with 
depth. Particulate and soluble substances in the water column also contribute to light attenuation. Light availability 
limits seagrass to shallow waters. Variations in terrestrial run-off, phytoplankton blooms, and wind/tidal mixing 
contribute to fluctuating water clarity and light availability. As with terrestrial plants, light reduction reduces 
production of photosynthetic oxygen and results in decreased leaf production per shoot. Over time, light reduction 
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invariably leads to reduced shoot density. Light reduction also affects the shoot to rhizome ratio equilibrium where 
lower light conditions favor leaf production. Light reduction has greater impacts when seasonal plant carbon 
compound reserves are low (Collier et al. 2007; Hemminga and Duarte 2000; Peralta et al. 2002). 
 During the 2011 Super Bloom event, high light attenuation coefficients (Kd) caused by high chlorophyll a 
concentrations (algal blooms) were recorded in the lagoon indicating reduced light availability for seagrass.  
Reduced light was believed to be the primary stressor on seagrasses, during the die-off, but high salinity and prior 
low water temperatures also likely contributed to the problem. Water quality directly impacted the critical seagrass 
habitats in the IRL. Seagrass experienced a 60% reduction in total seagrass coverage in the northern IRL down to 
Fort Pierce inlet, including an 87% loss (21,000 acre) in the Banana River (Figure 4.4). The northern IRL has 
experienced and recovered from significant seagrass die-off events in the past, with the most severe reported decline 
of 63% from 1996 to 1999 in Turnbull Creek (Morris and Virnstein 2004). The 2011 seagrass die-off event is the 
most severe recorded in the IRL. 
 
 
Figure 4.4 Changes in the mapped distribution of seagrass before and after the IRL super bloom event 
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The biological, chemical and physical processes in the IRL are complex and interrelated, there is no single 
factor that can be cited as causing the IRL super bloom event. Monitoring and analysis of the IRL indicated that the 
super bloom event coincided with a historically unprecedented change in water quality. A series of events along 
with longer time frame compounding problems are believed to be responsible.  Due to the 2-year drought, external 
nutrient loading was not a primary factor. The drought did however increase salinity creating conditions which are 
believed to have favored the algae species responsible for the bloom. Extreme cold events significantly altered the 
ecological system. It is believed that low temperatures killed off drift algae which act as a buffer in the system by 
absorbing extra nutrients. The cold temperatures also killed off the zooplankton communities which graze on algae, 
eliminating the biological top-down control on the bloom. The extreme cold weather may have initiated these 
imbalances, but the area has experienced extreme cold weather in the past without this degree of water quality 
impact. Eutrophication and seagrass die-off released additional nutrients into the system, compounding the algal 
bloom. A lack of flushing in the northern IRL also exacerbated the water quality problem (Indian River Lagoon 
Consortium 2015).  
 
4.5  Restoration Targets 
The Clean Water Act provides a regulatory framework for protecting water resources from pollutants and 
ensuring water quality standards. Based on Total Maximum Daily Load (TMDL) pollution budgets, a majority of 
US coastal water bodies are considered impaired for their intended use. Threats to water resources are myriad, but 
eutrophication caused by nutrient loading is considered the single largest cause of water quality degradation in US 
lakes and estuaries (Badruzzaman et al. 2012). Eutrophication is the excessive loading of nutrients into waterbodies 
promoting excessive phytoplankton (algae) and aquatic plant growth which eventually die, decompose, deplete 
dissolved oxygen and kill aquatic organisms. Eutrophication degrades water quality, alters the complex balance of 
aquatic ecosystems and threatens human health. Nitrogen and phosphorous are the primary eutrophication problem 
nutrients.  
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The IRL has experienced several severe and unusual seagrass, fish, bird and marine mammal mortality 
events over the past decade. Water quality is a likely culprit for the problems in the lagoon. Under the Clean Water 
Act, which regulates the discharge of pollutants into waters and surface water quality standards, pollution budgets 
Total Maximum Daily Loads (TMDLs) are required to protect waters. The development of TMDL numeric criteria 
is however complicated by the fact that waterbodies all have unique requirements and criteria differ based on the 
intended use of a waterbody. In March 2009, the Florida Department of Environmental Protection (FDEP) created 
nutrient TMDLs for the Northern Indian River Lagoon and in 2013, FDEP completed a Basin Management Action 
Plan (BMAP) for the area (Banana River Lagoon Stakeholders and Florida Department of Environmental Protection 
2013).  
TMDLs for the IRL include seagrass median depth-limit targets (Table 4.1) as well as nutrient loading 
targets based on statistical models tied back to seagrass restoration targets and the relationship between seagrass 
depth limits and nutrient loading Key components addressed by the IRL BMAP include equitable allocation of 
pollutant reductions, identification of mechanisms to address future pollutant loading increases, documented 
management actions to achieve TMDLs, and the identification of monitoring, evaluation and reporting strategies 
(Banana River Lagoon Stakeholders and Florida Department of Environmental Protection 2013). 
 
Table 4.1 Range of seagrass median depth-limit targets (From Gao 2009) 
 
 
The BMAP for the IRL was released 2 years after the 2011 super bloom event. The anticipated outcome for 
the IRL BMAP includes water quality improvements that will increase seagrass depth limits and decrease nutrient 
loading and suspended sediments. The plan also intends to increase coordination between state and local 
governments, provide additional funding, improve priority setting through stakeholder decision-making, enhance 
public awareness and enhanced understanding of the IRL system (Banana River Lagoon Stakeholders and Florida 
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Department of Environmental Protection 2013). The Marine Resources Council is currently developing an annual 
report system to monitor water quality in the IRL. This “State of the Indian River Lagoon” annual report card format 
will describe IRL health in a simple, graphical format showing long term data trends (Marine Resources Council 
2016). These types of products play an important role in communicating the science used to evaluate and monitor 
the state of the IRL while at the same time promoting goals.  
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5. Data Sources 
5.1  Imagery 
WorldView-2 (WV-2) was chosen based on the results of a search of VHR satellite imagery archives. 
Search criteria included seafloor visibility (water clarity) and minimal cloud cover in the northern IRL study area on 
dates before and after the algal bloom and subsequent seagrass die off at comparable times of year (comparable 
seagrass growth season). WV-2 satellite scenes from April 9, 2011 and March 8, 2013 were used to detect seagrass 
change. The two WV-2 scenes provide minimal cloud cover and adequate water clarity for seagrass mapping (Figure 
5.1). Aerial photographs collected by the SJRWMD on August 2011 and April 2013 (Figure 5.2) for seagrass photo-
interpretation mapping were used for accuracy assessment on this work. 
 
Figure 5.1 WV-2 satellite imagery used for seagrass pixel classification before and after the super bloom event 
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Figure 5.2 Aerial photography used for accuracy assessment of pixel classification results 
 
5.2  In situ data 
In situ observations (field data) were acquired by SJRWMD for seagrass mapping and transect monitoring 
during the summer months starting as early as May and ending as late as August, relatively close to the late spring 
satellite image acquisition dates. The point data were processed to GIS format. Standardized 
classification/measurement values were applied to all source fields. For transect data where explicit point location 
were not available, linear referencing was used to identify quadrat location based on the distance from the transect 
start and end GPS locations. Annual quadrat data were joined to referenced quadrat points. In situ data matching this 
studies temporal and spatial properties include monitoring transect quadrat data from SJRWMD and NASA as well 
and accuracy assessment and ground truth data collected by the SJRWD for mapping efforts. The locations of all 
quadrat monitoring, seagrass photo-interpretation mapping ground truth and accuracy assessment locations are 
displayed in Figure 5.3. 
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Figure 5.3 SJRWMD and NASA In situ data locations in the Banana River study area 
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6. Methods 
6.1  Analysis Area Extents 
 From a landscape perspective, seagrass habitats can be thought of as hierarchical arrangements of spatial 
structure over a range of scales (Robbins and Bell 1994). It is necessary to define an appropriate extent for the 
application of a landscape metric. The extent essentially defines the size and boundary of the analysis area where 
patterns are detected. Three areas averaging around 20 km2 were selected as analysis area extents. Seagrass coverage 
change was identified based on aerial photo-interpreted seagrass mapping conducted before (2009) and after (2013) 
the bloom by SJRWMD.  In the Banana River area of the IRL (Figure 6.1), areas with minor (Figure 6.2, Area A, 
less than 30%), moderate (Area B, between 30% and 70%) and major (Area C, greater than 70%) seagrass change 
were selected as analysis area extents. Analysis areas contain in situ observations and were visually identified as 
having adequate water clarity in key seagrass coverage change areas. These three areas accommodated the objective 
to evaluate different degrees of seagrass landscape changes.  
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Figure 6.1 Northern IRL Banana River study area  
 
 
Figure 6.2 Study areas depicting seagrass photo-interpreted by SJRWMD in 2009 and 2013  
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6.2  Image Preprocessing 
6.2.1  Geometric Correction 
Satellite images were geometrically corrected using the 2012 aerials (FWC) with a maximum error of half 
the pixel size (1m). The WV-2 product level (1B) and product type (Basic) include the following vendor corrections:  
“Corrected for radiometric distortions, internal sensor geometry, optical distortions, and sensor 
distortions. Basic Imagery is neither geo-referenced nor mapped to a cartographic projection. 
Basic Imagery is provided with sensor models and is intended for sophisticated photogrammetric 
processing such as orthorectification. Basic Imagery is a scene-based product (DigitalGlobe 
2014).”  
A spatial image registration correction was necessary as there was a small consistent shift in the satellite 
image when compared to geographically rectified DOQQ’s. Prominent and permanent spatial features such as road 
intersections and buildings were compared for different parts of the scene. The shift was mostly consistent in both 
direction and magnitude across the scene and the rectified DOQQ’s were used as a reference for correction. In order 
to evaluate and work with imagery, raster catalogs and pyramid files where created. Layer files were also created for 
each image layer with consistent histogram stretches that provide higher contrast in the water. 
6.2.2  Radiometric and Atmospheric Correction 
It is necessary to radiometrically calibrate and correct image pixel digital numbers to create a more uniform 
scene. Calibration and correction addresses issues such as variability in sensor response, electronic gain, and 
particulates which can contaminate the focal plane. WV-2 satellite images were corrected by the vendor 
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(DigitalGlobe) for radiometric and other sensor-related distortions. These radiometrically corrected image pixels (q)  
were then converted to top of atmosphere spectral radiance (Li) following the methods outlined by (Updike and 
Comp 2010) using an absolute radiometric calibration factor provided by DigitalGlobe for each image in the 
following equation.  
 
𝐿𝑖 =  
𝐾𝑖 ∗ 𝑞𝑖
∆𝜆𝑖
       where,  
Li = corrected spectral radiance of band I (W-m-2-sr-1-µm-1) 
Ki = absolute radiometric calibration factor (W-m-2-sr-1-count-1)  
Δλi = effective bandwidth (µm)  
qi = image pixel value (radiometrically corrected by vendor) 
where, Δλi and Ki are provided by vendor in the metadata header file of each scene 
 
This top of atmosphere spectral radiance value represents the amount of radiance entering the sensor 
aperture at the satellite (770 km altitude). This radiance does not however account for the influence of the 
atmosphere. Atmospheric correction was conducted using dark object subtraction. Dark pixel subtraction involves 
subtracting the pixel value of the darkest object in each band (in this case deep water) from each other pixel. Note 
that this process is true for near infrared bands and mid-infrared bands, but for visible bands, this process slightly 
over subtracts the pixel value. It is assumed for short-wave infrared bands that all light is absorbed in deep clear 
water and any additional spectral reflected radiance is caused by atmospheric scattering.  However, for visible 
bands, the deep clear water still makes very low reflected radiance. In order to properly estimate seafloor reflectance 
values, it is necessary to correct for effects of the water column such as light attenuation properties of water and 
absorption/scattering caused by objects floating in the water column. The Lyzenga depth-invariant correction 
method (1981) was used to correct for water column attenuation at varying depths on bottom reflectance. This 
depth-invariant method does not require in situ reflectance or high resolution bathymetric data by estimating 
attenuation from the ratio of band pixel values for a known substrate, in this case sand, at varying depths. The slope 
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of the relationship between Green and Red band pixel values is used to correct for light attenuation. Inconsistencies 
caused by particles floating in the water column could not be corrected for and limit the effectiveness of the depth-
invariant attenuation correction. 
6.3  Seagrass Mapping 
6.3.1  Image Classification 
Based on cumulative frequencies of depths from seagrass depth-limit boundaries in the study area, the 
maximum depth limit is 2.5 m and a majority of mapped seagrass in the study area (greater than 50% cumulative 
frequency distribution) is ~1.7 m depth (Steward et al. 2005). Pixels beyond 2.5 m depth were excluded from the 
image classification. An interpolated bathymetric surface (Figure 6.3) generated from depth sounding data collected 
by Coastal Planning & Engineering, Inc. was used to identify cells for exclusion from classification. Land was 
masked out from the imagery using a 1:12,000 scale shoreline. 
Water depth along with spectral values were used to classify pixels as either seagrass or sand using an 
ISODATA unsupervised classification which calculates evenly distributed class averages and clusters any remaining 
pixels into a minimum distance class. Initial classifications were run with small minimum pixel class sizes to capture 
and remove anomalous features such as boats and boat wakes. Multiple classification iterations were run with 
different combinations of the Coastal (400 – 450 nm), Blue (450 – 510 nm), Green (510 – 580 nm), and Yellow (585 
– 625 nm) multi-spectral bands and pixel value thresholds. The Blue, Green and Yellow bands were used as they 
provided results comparable to in situ observation data (Figure 5.3). In situ field observation data, particularly 
quadrat surveys, inform and improve VHR image classification of seagrass cover (Lyons et al. 2011; Roelfsema et 
al. 2009). After comparing aerial photos, photo-interpreted seagrass maps and seagrass mapping ground truth field 
data to the transect monitoring field data, it was found that transect data with less than 20% reported total seagrass 
cover was more representative of sand areas. Therefore, in situ observations quantifying ≤ 20% seagrass coverage in 
transect data were treated as sand (seagrass not present) and observations with >20% seagrass cover in transect data 
as seagrass. 
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Figure 6.3 Interpolated bathymetric grid of Banana River used to refine classification areas 
 
6.3.2  Accuracy Assessment 
Thirty random accuracy assessment (AA) points were generated for each study area resulting in a total of 
90 points per year (Figure 6.4). Choosing 30 random points for each study area mostly considered meeting the 
statistical requirement of a minimum large sampling size. AA points were attributed for seagrass presence based on 
interpretation of high resolution aerial photography. This aerial photograph was not used for training classification. 
Each AA point was also attributed with seagrass presence based on the classification results. Error matrices with 
User’s, Producer’s and Overall accuracy were developed for each study area and year.  
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Figure 6.4 Randomly generated locations for accuracy assessment of image classification results 
 
6.4  Theoretical Grids 
The spatial configuration of seagrass is a function of physical and chemical environmental parameters 
which are unique to a geographic location. The intent of this study is to identify landscape metrics that can be used 
to assess seagrass changes at varying spatial scales, varying degrees of change and varying geographic locations. 
Simulated landscapes can provide effective data for evaluating the behavior of landscape metrics (Hargis et al. 
1998). In order to decipher the ability of landscape metrics to decipher changes in seagrass landscape independent of 
local physical parameters, theoretically distributed seagrass grids were fabricated for each of the three study areas. 
Three theoretical random distribution types were created: Distributed, 20% clustered and 50% clustered. The 
theoretical grid sampling area was based on the extent known to be suitable for seagrass. This known extent is based 
on the 2011 photo-interpreted seagrass maps. To simulate clustering, a hexagon tessellation with 100 meter sides 
50 
was created across the sampling extent using ESRI ArcGIS software (Figure 6.5). Twenty percent and 50% of the 
hexagons were randomly selected for sampling. For the distributed grids, the entire sampling extent was used. 
Within the clustered and distributed sampling areas, random points were generated to produce 50% coverage of 
sampling areas. A 1.5 m minimum distance between random points was set to ensure each point equated to a single 
4 m2 cell where 1.5 m is equal to 0.085 m more than half the longest cell distance (corner to corner hypotenuse = 
2.83 m). Points were converted to raster with 2 m cell size.  
 
Figure 6.5 Hexagon tessellation with 100 m sides used for theoretical distributions 
 
 
6.5  Scaling  
For ecological processes to be fully understood, a multi-scale approach to analysis must be considered 
(Lloyd et al. 2006). In order to test for the effects of spatial scale in detecting change using landscape metrics, 
analysis was performed on multiple spatial scales. The 2 m pixel multi-spectral bands were aggregated to 6 m and 
14 m pixel sizes (comparable to pan-sharpened Landsat data) using the nearest neighbor resampling or averaging 
method. In total, 3 pixel sizes were analyzed: 2 m, 6 m and 14 m (Table 6.1).  
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Table 6.1 Pixel statistics for image resampling 
Image resolutions 
Individual Pixel 
Area (m2) 
 Number of pixels per 
196 m2 patch 
2 m pixel multi-spectral 4 49 
6 m pixel  36 5.4 
14 m pixel  196 1 
 
6.6  Quantitative Metrics 
A combination of 2 time periods and 3 theoretical grids at 3 spatial scales for 3 study areas resulted in 45 
layers for metric analysis. Quantitative metrics were calculated using FRAGSTATS 4.2, a spatial analysis program 
for categorical maps. Table 6.2 Quantitative landscape metrics calculated for analysislists all quantitative spatial 
metrics calculated for analysis. Each classified raster image was converted to a TIFF image format compatible with 
FRAGSTATS. Seagrass pixels are coded as 1, non-seagrass as 0 and land pixels were coded as background values. 
The minimum patch size was set to 196 m2 as dictated by the coarsest analysis pixel size (14 m). Core Area type 
metrics require designation of an edge distance value. Published work on faunal abundances relative to edge versus 
interior indicate some crustaceans and fish species display preferences, often toward the edge, depending on patch 
size (Smith et al. 2008; Tanner 2005). The edge distance value was set equal to the grid cell size. Aggregation type 
metrics require designation of a search radius, distance from a focal patch within which patches are evaluated, and 
threshold distance, the distance between patches below which they are deemed connected. Search radius and 
threshold distance were processed equal to the cell size. The extensive output from FRAGSTATS was transformed 
from comma delimited text files into formatted tables for readability.  
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Table 6.2 Quantitative landscape metrics calculated for analysis 
 
 
6.7  Metrics Evaluation 
Implementation of quantitative metrics is intended to detect changes in the seagrass landscape that are 
ecologically significant but not necessarily captured by typical measures of areal change. The ability to detect 
53 
landscape change is also fundamentally tied to spatial scale. Effective metrics must be able to quantify spatial 
landscape configuration changes, detect change in seagrass cover independent of differences in imagery resolution 
(scale), and detect minor, moderate and major changes in seagrass cover. Quantitative metrics were evaluated based 
on the following criteria. 
 
1. Effectiveness – The metric quantitatively captures landscape configuration change. It is assumed that the 
landscape configuration changes with seagrass die-off. 
a. Percent change in metric value >20% from 2011 to 2013  
b. Percent change in metric value >20% from 50% to 20% distributed theoretical clustered full resolution 
(2 m) grids 
2. Scalability – The metric provides consistent detection across different resolution source imagery. 
a. 2011 to 2013 percent change agrees within 10% between resolutions (2 m, 6 m, 14 m)  
b. Theoretically clustered grids percent change agrees within 10% between resolutions (2 m, 6 m, 14 m)  
 
The 20% Effectiveness and 10% Scalability metric evaluation thresholds were selected as they selected out 
a manageable number of metrics to further evaluate (24). Metrics were scored for each of the criteria. Table 6.3 
summarizes the evaluation criteria scoring system. Each of the three criteria have a maximum possible value of 6 
allowing for a total possible value of 12 per metric.   
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Table 6.3 Landscape metric evaluation criteria 
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7. Results 
7.1  Image Classification 
A visual evaluation of WV-2 imagery indicated that bands 2, 3, 4 and 5 provided the best water penetration 
(bottom visibility) and evaluations of multiple preliminary classifications with different band combinations 
supported the use of those 4 bands. The results of image classification in all the three study areas (Figure 7.1 – 7.3) 
show visible trends in seagrass decline in most all areas from 2011 to 2013, which correlates with photo-interpreted 
seagrass maps and monitoring (Indian River Lagoon Consortium 2015). Study area A shows an area where there 
appears to be an increase (Figure 7.1, red oval). Total seagrass loss based on image classifications are summarized 
for each study area in Table 7.1.  
 
Table 7.1 Seagrass loss (hectares)  
  2011 acreage 2013 acreage 
Seagrass loss from 
2011 to 2013 
Study Area A 222 144 35% 
Study Area B 546 166 70% 
Study Area C 187 16 91% 
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Figure 7.1 Study area A seagrass classification results where the red oval shows an area with an apparent increase in seagrass. 
 
    
Figure 7.2 Study area B seagrass classification results 
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Figure 7.3 Study area C seagrass classification results 
 
Error matrices (Table 7.2 and Table 7.3) show that seagrass was mapped with overall accuracy of 74% for 
2011 and 79% for 2013. Image classification errors of omission were worst for sand in both years (producer’s 
accuracy <70%) and errors of commission were worse for sand in 2011 (user’s accuracy = 61%) and worse for 
seagrass in 2013 (user’s accuracy = 50%). Error matrices for each individual study area and year are available in 
Appendix I. 
 
Table 7.2 Pixel classification error matrix for 2011 imagery 
All Areas 2011 
 
Accuracy Assessment 
  
 
 
Sand Seagrass Total Sites User’s accuracy 
Classification 
Sand 31 20 51 61% 
Seagrass 3 36 39 92% 
 
Total Sites 34 56 90 
 
  Producer’s Accuracy 91% 64%     
 
Overall accuracy: 74% 
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Table 7.3 Pixel classification error matrix for 2013 imagery 
All Areas 2013  
 
Accuracy Assessment 
  
  
Sand Seagrass Total sites User’s accuracy 
Classification 
Sand 65 13 78 83% 
Seagrass 6 6 12 50% 
 
Total sites 71 19 90  
  Producer’s accuracy 92% 68%     
 
Overall accuracy: 79% 
     
 
7.2  Theoretical Grids 
Figure 7.4 illustrates the theoretically clustered and distributed grid results. The 20% clustered grid 
produces fewer, isolated patches than the 50% clustered grid while the evenly distributed grid does not show any 
specific clustering patterns.  
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Figure 7.4 Theoretically distributed and clustered grids used for evaluating metrics  
 
7.3  Scaling 
Resampling grids to 14 m cell size produces dramatic changes to the raster representation. When viewed at 
1:20,000 scale, pixilation is visible (Figure 7.5 and Figure 7.6). The configuration details are lost and small isolated 
pixels are washed out when pixels are generalized to a coarser scale.  
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Figure 7.5 Spatial scaling of seagrass in study area A at 1:20,000 scale 
 
 
Figure 7.6 Spatial scaling of seagrass in study area B at 1:20,000 scale 
61 
 
- 
Figure 7.7 Spatial scaling of theoretically distributed and clustered grid at 1:20,000 scale 
 
Total area of seagrass, a fundamental mapping indicator used for seagrass monitoring, was for the most part 
unaffected by changes in scale (Table 7.4). The exception is study area B in 2013 with a 28% reduction in total area 
scaling from 2 meter cells up to 14 meter cells. Study area B is characterized by smaller isolated cells which are 
washed-out when resampled. The theoretical grids were virtually unaffected by scale changes (Table 7.5). 
 
Table 7.4 Effects of scale on total area of mapped seagrass (hectares)  
    2 meter 6 meter 14 meter 
Study Area A 2011 222 (ha) 224 227 
 
2013 144 143 142 
Study Area B 2011 546 570 582 
  2013 166 130 119 
Study Area C 2011 187 187 188 
 
2013 16 16 16 
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Table 7.5 Effects of scale on theoretically distributed and clustered grids (hectares) 
    2 meter 6 meter 14 meter 
Study Area A Distributed 160 159 161 
 
20% Clustered 34 34 34 
 
50% Clustered 137 136 136 
Study Area B Distributed 415 416 414 
 
20% Clustered 74 75 74 
 
50% Clustered 123 123 124 
Study Area C Distributed 151 151 151 
 
20% Clustered 31 31 31 
 
50% Clustered 123 123 124 
 
 
7.4  Quantitative Metric Evaluations 
The full list of metrics evaluated and their computed results are available in Appendix II. Patch metrics 
include several descriptive statistics: mean, area-weighted mean, median, range, standard deviation, and coefficient 
of variation. Area-weighted mean equals the sum of all patch metric values multiplied by the proportional patch 
abundance where patch abundance equals patch area divided by the sum of patch areas. This descriptive statistic 
provides a landscape-centric perspective on structure rather than the patch-centric perspective of central tendency 
provided by the simple mean statistic. Based on the evaluation criteria, area-weighted mean statistic provided the 
most useful descriptive statistic and was used in the metric evaluations. FRAGSTATS metric names are italicized 
and metric types are bold typed for clarity. 
Twenty-five metrics met the minimum Effectiveness and/or Scalability Criteria in at least on case. The 
Effectiveness and Scalability evaluation criteria results for each landscape metric are illustrated in Table 7.6. Fewer 
of the theoretical grids met the evaluation criteria, particularly for the Shape and Core Area type metrics. 
Landscape metrics were found to have particularly high Effectiveness for two of the study areas with 18 metrics 
meeting the Effectiveness criteria in study area B and 16 metrics in study area C. Metrics did not perform as 
consistently with the theoretical grids. Scalability scores were consistently lower than Effectiveness scores in study 
areas and theoretical grids. 
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Table 7.6 Effectiveness and Scalability evaluation criteria results 
 
 
 
 
The total evaluation criteria results are summarized in Table 7.7. Based on averages (Avg. rows in Table 
7.7), metrics performed better in a real-world study area than a theoretical grid. This is likely due to the fact that a 
randomly generated grid does not display the natural patterns that landscape metrics are formulated to capture. 
Effectiveness of metrics was higher than (and in one case equal) to Scalability in all but the Shape type metric 
category applied to theoretical grids. The combined metrics averaged higher in the Effectiveness evaluation criteria 
(2.9 out of 6 possible) results than the Scalability (1.8) criteria. The Area-Edge, Core Area and Aggregation type 
metrics were similarly effective (3.2, 3.3 and 3.3 respectively). Area-Edge type metric was the most scalable (3.4). 
Overall performance for all criteria combined resulted in the highest average score for Area-Edge (6.6 out of 12 
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possible). All 25 metrics evaluated averaged a total evaluation score of 4.8. The first and second ranked metrics in 
each metric type were identified (rank column in Table 7.7). 
 
Table 7.7 Metric evaluation criteria results and ranking 
 
 
 
The top two metrics from each metric type are ranked and ordered in Table 7.8. Area – Edge and 
Aggregation are the highest ranked type metrics while Core Area and Shape constitute the bottom of the ranked 
list.  Total Edge and Splitting Index were evaluated as the most effective and scalable metrics.  
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Table 7.8 Top ranked landscape metrics for each metric type 
Metric Type Metric Effectiveness Scalability Total Score Rank 
Area – Edge Total Edge 5 5 10 1 
Aggregation  Splitting Index 6 4 10 1 
Core Area Total Core Area 6 3 9 2 
Aggregation  Effective Mesh Size 6 3 9 2 
Aggregation  Landscape Shape Index 5 4 9 2 
Area – Edge Edge Density 4 4 8 3 
Shape Perimeter-Area Ratio Distribution 3 2 5 4 
Core Area Average Core Area  2 2 4 5 
Core Area Disjunct Core Area Distribution Mean 2 2 4 5 
Shape Patch Shape Index 3 0 3 6 
 
 
7.5  Seagrass Landscape Changes in the IRL 
The top evaluated landscape metrics (Table 7.8) were used to measure seagrass landscape changes from 
2011 to 2013 in the three study areas (Table 7.9). FRAGSTATS metric names are italicized for clarity. The Class 
Area and Total Core Area metrics capture the degree of seagrass loss well. Class Area is however simply a count of 
total pixels and does not consider spatial distribution (though it is fundamental in calculating other spatial metrics) 
and is therefore not ranked with the top metrics. Table 7.1 summarizes the metric results, gray color records are 
metrics which did not rank at the top of the metric evaluation criteria but were included because they provide 
valuable interpretive information or help explain the value of other metrics. Study area A, the minor degree seagrass 
loss area, experienced 35% total area loss while study area B, moderate degree seagrass loss area, experience 70% 
loss and study area C, major degree seagrass loss area, experienced a 91% loss. Total amount of habitat edge was 
reduced with seagrass loss. Study area A underwent a larger loss of edge (53%) than study area B (35%). A smaller 
reduction in total edges than total area (more area lost than edge lost in study area B) can be interpreted as a more 
fragmented habitat. This interpretation is supported by the large increase in the number of patches (Number of 
Patches metric; more patches equate to more fragmentation) in study area B. The inverse of this phenomenon is 
evident in study area A where the seagrass die-off resulted in less total edge (53%) than total area (35%) resulting in 
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fewer total patches (35%). Metrics indicate that study area B became relatively more fragmented than study areas A 
and C following the seagrass die-off. Study area B is visibly more ‘speckled’ than study area A and C following the 
seagrass die-off event with individual pixel patches (Figure 7.2) which supports this fragmentation result. 
Seagrass loss resulted in reduced patch shape complexity (Perimeter-Area Ratio Distribution) in study area 
A (28%) while the other study areas ended up with more complex patches of seagrass. Perimeter-Area Ratio 
Distribution does not standardize different patch sizes, the patch shape measurement values are misleadingly 
influenced by patch size. Patch Shape Index provides a standardized measure of shape complexity and shows a 
reduction in shape complexity with seagrass loss across all study areas; Study area B is particularly high with an 
81% reduction in shape complexity. The results of these two Shape type metrics appear contradictory, but can be 
explained by variation in patch size. Average patch sizes (Patch Area Mean) were relatively stable in study area A, 
but the average patch size was reduced nearly 100% following the moderate and major degrees of seagrass loss 
(Appendix II). The standardized Patch Shape Index is more appropriate for this study. This explanation of apparent 
contradictions between two Shape type metrics highlights that fact that metrics are more informative and 
interpretable when they are considered in conjunction. 
Core Area type metrics measure landscape changes relative to the portion of a patch which remains when 
the designated edge pixels are removed. The change in Total Core Area metric is comparable to the Total Area 
metric change. The reduction in Average Core Area is high, as expected in study areas B and C, but study area A 
sees a small gain. This gain in study area A is likely caused by the unexpected gain of a large area as depicted by the 
red oval in Figure 7.1. Disjunct Core Area Distribution Mean, shows all study areas experiencing increased patch 
core areas becoming disjunct. Species that are core dependent would experience more fragmentation, this 
information would be missed by regular patch metrics. When compared to the Number of Patches, the Number of 
Disjunct Core Areas indicates the portion of patches that became disjunct or were lost following the die-off. In study 
area B, 82% of the patch core areas became disjunct or were lost.  
The Aggregation type metrics showed less intuitive results. The Effective Mesh Size, a relative measure of 
patch size distribution, followed an expected reduction in patch structure across the study areas following the 
degrees of seagrass loss (minor: 40% loss, moderate and major: >95% loss). The Splitting Index shows expected 
increase in patchiness (number of patch/area) for study areas A and C, study area B however shows a markedly large 
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gain, possibly due to smaller isolated pixels. Increases in the Landscape Shape Index for study areas A and C 
indicate a decrease in overall shape complexity across the study areas while study area B underwent a small 
increase. Aggregation type metrics geared toward quantifying fragmentation distribution (Euclidean Nearest 
Neighbor Distance Distribution, Clumpiness Index, Aggregation Index, etc.) did not fit the Effectiveness or 
Scalability criteria for this study; fragmentation is however ecologically relevant. The Clumpiness Index, which 
measures patch aggregation as frequency of patch proximity, indicates increased isolation in study area B following 
the seagrass die-off and minimal change in isolation in study areas A and C. A consistent increase in Euclidean 
Nearest Neighbor Distance Distribution in each study area indicates that the seagrass die-off resulted in more 
isolated patch distributions across the landscape. Generally speaking, following the seagrass die-off, study area B 
became more fragmented and less structured with the additional number of smaller patches creating more edge. 
Study area A became less fragmented and study area C remained relatively similar in terms of fragmentation.  
 
Table 7.9 Landscape changes measured by the top ranked metrics 
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8. Discussion 
Data must traverse a series of knowledge organization steps on its path to decision making wisdom. In this 
case, data derived from landscape metrics becomes wisdom for improving ecological monitoring and assessment.  
Data was created with FRAGSTATS by processing classified images, but the raw metric data has no meaning until 
it is given context, at which point the data becomes information. The metric output was organized into tables and 
tied back to landscape theory to create context and produce information. Information is then provided meaning to 
become knowledge. The metrics were evaluated with Effectiveness and Scalability criteria based on seagrass 
ecology and monitoring/assessment needs to produce knowledge. Knowledge is then given insight to provide 
wisdom. The most effective metrics (based on evaluation criteria) were brought back to the IRL seagrass die-off 
event to understand how the ecological landscape changed. The final step toward decision is to provide the 
knowledge a purpose. In this case, the purpose was to identify better ways of monitoring seagrass health to allow 
decisions to be made on methods for future statewide mapping and monitoring plans.  
 
8.1  Image Classification 
Machines are not capable of recreating the non-linear approach and often artistic interpretation of an 
experienced photo-interpreter. The inconsistencies of imagery, particularly the complexities of a dynamic water 
column, limit the reliability and accuracy of spectral value classifications. Pixel classification routines can be 
augmented with ancillary information and advanced image processing to improve results. These methods can 
enhance seagrass mapping efforts by adding more efficient, quantitative and repeatable routines (Baumstark et al. 
2013). It should however not be assumed that image processing routines can replace human interaction with imagery 
interpretation for seagrass mapping.  
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When comparing April 2011 (pre-bloom) and March 2013 WV-2 satellite scenes (Figure 5.1and Figure 
5.2), the loss of seagrass is visibly discernable. There are however issues with water clarity in parts of the study 
areas, particularly in deeper waters, where turbid areas show up as brighter due to higher reflection from suspended 
sediments. Bathymetric data were used to help identify and remove these high turbidity deep water areas from the 
analysis, but it is likely that the full extent of seagrass coverage is not captured by these satellite scenes due to water 
clarity issues. The ability to distinguish between algae and seagrass from remotely sensed imagery is also a common 
problem for benthic mapping in Florida due to their spectral similarities issues compounded by water column 
inconsistencies (Cho et al. 2012). In study area A, a significant area was classified as a gain in seagrass coverage 
(Figure 7.1, red oval). It is possible that spectrally similar algae or mats of dead seagrass were incorrectly classified 
as seagrass in this area. Cho et al. (2014) improved the distinction between algae and seagrass classifications in the 
IRL using hyperspectral imagery, but classification accuracy was still relatively low at 64% overall accuracy for the 
best model. 
In applying these types of remote sensing and pixel classification methods, it is critical to employ the 
appropriate resolution of the imagery. The pixel resolution difference between the commercial 4 m IKONOS and the 
freely available 30 m Landsat Thematic Mapper imagery can affect the detectability of seagrass landscape patterns 
(Pu and Bell 2017). Spatial scaling (grid cell resampling) and sensor resolution is also a factor in mapping seagrass. 
In areas with small patchy seagrass, coarse pixels could underestimate seagrass coverage. High resolution satellite 
operations are not yet well tuned to the needs of subsurface marine applications. Factors such as sun angle, wind 
speed, sensor azimuth and water clarity are different or not at all considered for terrestrial acquisitions, archived 
imagery is usually not suitable for benthic mapping needs. Increasing use of satellite sensors for coastal marine 
mapping will hopefully highlight the need for marine acquisition considerations to satellite operators. 
8.2  Landscape Metrics  
There are different ways of evaluating landscape patterns. Patch and matrix are particularly well suited for 
seagrass landscapes. The term patch is commonly used in Landscape Ecology to refer to a basic landscape element 
or unit. In this case patch refers to a contiguous area of cells classified as seagrass.  Depending on the location and 
scale, seagrass can become the dominant landscape feature, or matrix. There are however only two landscape 
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features mapped in this study, areas of seagrass and areas not seagrass, the matrix designation is therefore less 
functional. The properties of cavities devoid of seagrass (predominantly bare sediment) within seagrass patches are 
quantitatively considered in landscape metrics. Patch metrics were the primary metric used for quantifying seagrass 
landscape patterns.  
Ecological processes are inherently scale dependent. Landscape metrics approach pattern quantification 
from different scales, i.e. spatial contexts. Cell-level metrics approach from the individual cell context, patch-level 
metrics approach from the individual patch context, class-level metrics approach from the context of all patches of a 
given habitat type and landscape-level metrics approach from the landscape mosaic level. Class-level metrics 
quantify fragmentation and landscape-level metrics quantify landscape heterogeneity. Cell-level and patch-level 
metrics do not capture landscape patterns until they are summarized at the class level. Class-level metrics were 
found most appropriate for meeting the objectives of this study though some landscape-level indices such as Edge 
Density were found useful for generalization. Generally speaking, metrics that do not standardize for landscape area 
(total study area) are less appropriate for comparison between different study areas given that different study areas 
will have different amounts of area suitable for seagrass. 
The minimum patch size was set to 196 m2 as dictated by the coarsest analysis pixel size (14 m). It should 
however be noted that patch size used for analysis should be selected relative to the species of interest. Patch size 
should consider the size at which a patch is no longer significant to a species response to patch structure. Also, 
background areas such as land and depths with prohibitive light availability (such as dredged channels) must be 
coded as such before calculating metrics.  
The metric evaluation criteria developed for this work provide useful information to identify metrics that 
are best suited for a specific need such as comparing imagery different resolution (Scalability) or detecting subtle 
changes (Effectiveness in a minimal change area such as study area C). It is important to understand a metric in 
order to interpret it, Table 8.1Error! Reference source not found. provides general descriptions and interpretations 
for each metric used in this study.  
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Table 8.1 FRAGSTATS metric descriptions and interpretations  
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Table 8.1 FRAGSTATS metric descriptions and interpretations (continued) 
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8.2.1  Area and Edge 
Patch area (size) is a fundamental spatial attribute of landscapes. Reductions in total area indicate habitat 
loss which can also indicate increases in habitat fragmentation. The total amount of area (Class Area) is the simplest 
spatial quantification of seagrass. Class Area is ecologically relevant and provides a simple measure for seagrass 
loss or gains.  Percentage of Landscape has the potential to provide a metric comparable between different study 
areas, but it would require areas uninhabitable by seagrass (deep areas, tidal flats, dredge channels for example) to 
be masked out as background values. The largest continuous seagrass area in the landscape is captured by the 
Largest Patch Index (LPI) metric. LPI does not however exclude landscape background values and is therefore less 
appropriate for comparing different areas. The Patch Area Distribution was evaluated as the most relevant metric 
(Table 7.8). 
Patch area alone does not consider the spatial attributes of the landscape but patch area is a fundamental 
component of other landscape metrics that do. For example, the size of a patch dictates the amount of edge, which is 
captured by the Total Edge metric. Edge Density normalizes the edge per unit which allows for comparisons 
between different size areas. For areas of equal size, the Total Edge and Edge Density are identical. The Radius of 
Gyration (RG) measures the patch extent, the distance a patch extends across the landscape, which can indicate the 
distance an organism can move within a patch before reaching a boundary. An elongated patch will have a greater 
RG.   
The Total Edge metric is a fundamental measure of the landscape, similar to total area, while Edge Density 
is a simple ratio of patch perimeter to patch area. Increases in edge to area ratios indicate increased fragmentation as 
more patch landscape will have more edges. Edge Density is ranked as a top metric for measuring landscape 
changes; edge type metrics are however influenced by scale. A high-resolution representation results in a more 
detailed perimeter while a coarse representation would be more linear and produce a smaller edge length 
measurement. Total edge is therefore less appropriate for comparisons of differing pixel resolutions.  
74 
8.2.2  Shape 
There are several ways to quantify the shape, or geometric complexity, of a patch or collection of patches 
in a landscape. Perimeter to area ratios are the basis of geometry complexity indices. There are limitations with 
shape metrics. Raster image perimeter length measurements are larger than discrete linear boundaries due to the 
stair-step properties of raster cells. Raster perimeter lengths are always different from real world boundary lengths 
and the magnitude of the length difference changes relative to raster cell size. Estimates of shape complexity do not 
necessarily capture shape form (morphology). As discussed in the Literature Review, patch edges are ecologically 
significant; shape complexity metrics are therefore ecologically relevant.   
The Perimeter Area Ratio Distribution is a simple measure of seagrass patch shape, but it is a function of 
patch size where a larger patch will produce a smaller ratio. The same patch shape has a different ratio at different 
sizes. The Shape Index accounts for this patch size problem by adjusting for a square standard with a constant, 
providing a more comparable measure of shape complexity.  The Fractal Dimension Index also accounts for patch 
size. It equals twice the logarithm of a patch perimeter divided by the logarithm of the patch area and is often 
applied to an entire landscape. The Related Circumscribing Circle provides an alternative method for quantifying 
shape based on the ratio of patch area to the smallest circumscribing circle. The Related Circumscribing Circle 
index is higher in landscapes with more elongated or narrow patch shapes. Study area A illustrates this well, it has a 
higher mean Related Circumscribing Circle index for both years (%26 larger than study area B and %31 larger than 
study area C in 2013). The FRAGSTATS Contiguity Index assesses patch shape based on spatial connectivity of 
cells within a patch. Contiguity Index employs a 3x3 pixel moving window to quantify boundary configuration 
where contiguous and orthogonal pixels (versus diagonal) are weighted with higher values.   
8.2.3  Core Area 
The core area of a patch, the interior area, is the area beyond a specific distance from the edge of a patch. 
Like shape complexity, edge effects indicate that patch edges are ecologically different from patch interiors. Core 
Area type metrics become more significant for species where patch edges provide less suitable habitat. Core area is 
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a function of patch shape. Several of the Core Area type metrics, including Total Core Area and Average Core 
Area, are calculated the same as other metrics once the edge cells are removed. Total Core Area is evaluated as 
highly effective for quantitatively capturing landscape configuration change. A patch can become disjunct when the 
edge pixels are lost and the core pixels produce multiple isolated patches. Disjunct Core Area Distribution measures 
these core area patch separations. The core areas of study areas B and C became much more disjunct following the 
seagrass die-off than study area A. 
8.2.4  Aggregation 
Aggregation type metrics measure the spatial distribution of patches in a landscape. The properties of 
patch aggregation relevant to seagrass in this study area include dispersion and isolation. Other Aggregation type 
metrics, such as interspersion and subdivision, are not relevant given seagrass is the only patch type being measured. 
Dispersion and isolation metrics are however relevant as they focus on the spatial aggregation of patches and the 
degree of patch spatial isolation.  
Four of the Aggregation type metrics were ranked in the top 10: Number of Patches, Effective Mesh Size, 
Splitting Index and Landscape Shape Index. Number of Patches is a simple measure of fragmentation though it is 
considered inconsistent over a wide range of fragmentation patterns (Jaeger 2000). Effective Mesh Size and 
Splitting Index provide more reproducible results, particularly over varying spatial scales, and they divide the 
landscape up into equal sized areas and test the probability of two random points to fall in the same area 
(connected). Increased patch isolation lowers the probability that the two points will be connected, producing a 
higher Splitting Index (number of areas) and a lower effective mesh size (size of the area). Landscape Shape Index 
is a perimeter to area ratio (shape complexity) measurement for the entire landscape. At the landscape scale, this 
measure of complexity indicates fragmentation. This index relies on the landscape image edge being a true 
boundary and in this case, land and deep water are real boundaries for seagrass. 
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8.3  Limitations and Recommendations 
A simple automated technique for mapping and quantifying seagrass landscape structure using pixel 
classification and quantitative metrics is an ideal prospect for improving our seagrass monitoring ability, there are 
however inherent limitations that must be acknowledged. The intuition and expertise of a photo-interpreter cannot 
be completely mimicked by a machine, in fact, the photo-interpreter’s expertise is an integral part of the spectral 
classification process. Inconsistencies created by materials floating in the water column change the spectral 
signature of the seafloor, these inconsistencies can often be navigated by a photo-interpreter, but a pixel 
classification routine is limited to pixel by pixel quantitative thresholds. The dynamic inconsistencies of water 
column will always be a limiting factor in reliability and accuracy of spectral classification routines. Water clarity 
limits the ability of classification routines to differentiate between seagrass and other spectrally similar features such 
as algae. Ancillary spatial information, such as location or shape can inform the proper distinction of spectrally 
similar seagrass and algae pixels and improve classification accuracy (Baumstark et al. 2013). 
The scalability evaluation was intended to identify landscape metrics that consistently measure landscape 
changes with varying pixel resolutions. This is useful information considering imagery source data spatial resolution 
(pixel size) varies between products and sensors. However, as acknowledged in the literature review, measures of 
landscapes structure certainly change over different spatial scales. The metric evaluation criteria also do not account 
for the fact that some metrics, while quantitatively effective, may be antiquated or not provide practical landscape 
information while poorly ranked landscape metrics could in fact be useful and important measures of a landscape’s 
spatial properties. For example, the Perimeter-Area Ratio Distribution metric was ranked in the top 10, but is 
considered an antiquated metric for measuring shape because of the misleading influence of patch size in measuring 
shape. Identical shapes can have differing values depending on their size. The metrics used in this study were 
evaluated and applied to a particular type of landscape change, a large scale general seagrass die-off initiated by an 
algal bloom. The performance of a landscape metric will not necessarily be as effective in measuring a different type 
of landscape change. For example, seagrass loss occurring from boat propeller damage exhibits fundamentally 
different linear spatial properties which may be better captured by landscape metrics geared toward edge changes. 
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This study did not consider contrast and diversity type landscape metrics as it only involved the presence or 
absence of seagrass. These metrics could provide important landscape configuration information for areas with 
mixed habitat types where species use habitat types differently. For regional scale studies, the generalized class and 
landscape level metric values are most useful, but if individual patches in a smaller study area are of interest, patch 
level metrics will provide information specific to each patch.  
The green multispectral band of the WV-2 satellite imagery was best for detecting seagrass, it provided the 
best water penetration and spectral contrast at the seafloor. The green band was followed by the blue band and the 
coastal band in quality for seagrass mapping. The panchromatic band on its own was not useful for classification, 
but if higher spatial resolution is needed for quantifying spatial feature details, pan-sharpening of the multispectral 
bands could be useful. Image classification results are limited by the quality of the source imagery. Correcting for 
the influence of the atmosphere is a minimum first step toward estimating radiance, ideally the influence of the 
water column should also be removed. Correcting for water column and the water surface is complicated, 
inconsistencies dynamic and typically not spatially uniform. 
For a landscape metric to be properly interpreted, it is critical that the metric be understood. Interpretation 
requires an understanding of the mathematical calculation, value units, limitations, and intended application. A high 
evaluation score does not necessarily mean that a metric is useful or appropriate for quantifying landscape 
properties. As discussed in the results, some metrics are better interpreted relative to other metrics. Simplicity is 
often most effective. An understandable and interpretable metric is more likely to be used. Given that metrics 
measure varying landscape properties that provide different types of valuable information, a composite of metrics, 
possibly in the form of an index, could provide an effective approach for gauging landscapes. In comparing areas of 
different sizes, normalized metrics that account for size differences should be used. FRAGSTATS is a well-
documented and widely accepted tool for calculating landscape metrics from raster data, there are however other 
options including vector based landscape metrics that can be generated in GIS software. This work indicates that the 
proposed tools and methods are viable, it is not suggested that these methods should be adopted without evaluating 
relative to other tools and testing for transferability to other areas. 
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8.4  Applications for Ecological Monitoring and 
Assessment 
This tragic and uncommon large scale algal bloom in the IRL provides a unique opportunity to study the 
response of seagrass meadows to major events at a landscape level. Landscape metrics provide more quantitative 
methods for describing seagrass spatial configuration as opposed to commonly used subjective seagrass photo-
interpretation and classification. This research works toward the universal goal of quantifying coastal marine 
landscape changes which supports monitoring and assessment needs. The results of this work will also provide 
insight into the potential effects of similar water clarity problems for seagrass which could likely occur in other parts 
of the world. 
A key to effective management of coastal marine resources is the assessment and monitoring of status and 
trends. In Florida, local, state and federal government agencies regularly conduct seagrass mapping and monitoring 
efforts. These efforts had however been region specific, only recently have efforts been made to develop a more 
consistent statewide program (Yarbro and Carlson 2013). A statewide management program requires statewide 
consensus based management strategies, statewide consistent mapping and monitoring, a schedule for reporting 
status and trends, a schedule for assessing management strategies and progress, a statewide management oriented 
seagrass research program and a statewide public outreach program focused on the management and conservation of 
Seagrass (Florida Fish and Wildlife Conservation Commission 2003). 
There is a debate as to what models best represent reality while accounting for factors such as scale. 
Assessment and monitoring requires consistency in observations and information, which also creates a debate as to 
which metrics should be used. Frohn (1997) suggested that classical landscape ecology metrics, such as fractal 
dimensions, do not adequately address the issues of changing scales and differences between remotely sensed data 
sources. They propose new metrics for quantifying landscape configuration based on evidence that they outperform 
traditional metrics when applied to certain case studies. The inherent variability and complexity of different 
ecosystems makes it near impossible to produce a ‘silver bullet’ metric for all ecosystems. In an analysis of fifty-five 
landscape metrics, Riitters et al. (1995) found that 87% of variation was explained by half of those metrics. They 
suggested the use of a composite of six univariate metrics: average perimeter-area ratio, contagion, standardized 
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patch shape, patch perimeter-area scaling, number of attribute classes, and large-patch density-area scaling. Studies 
on comparing change detection techniques often find that different methods have different merits, such as ease of 
use, information content and interpretability (Coppin et al. 2004; Lu et al. 2004).   
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9. Conclusions 
Representation of complex ecological systems with quantitative models is difficult; no model is perfect; 
and each has its limitations. The need to quantify ecological components of marine ecosystems for assessment and 
monitoring has resulted in an abundance of quantitative models, including landscape ecology metrics. Metrics tend 
to have distinct qualities based on their focus, source data and methods that make them difficult to compare. 
Complex quantitative metrics can also be difficult to relate directly to ecology or management. Choosing the proper 
metric, analysis and scale is not only a function of the research or management question, but it is also dependent on 
the appropriateness of the metric or analysis for the system. This is particularly important in trying to detect changes 
in a natural system over time. This research contributes to a better understanding of the relationships between spatial 
pattern and ecological processes along with the effects of scale.  
Classified satellite imagery and quantitative landscape metrics proved useful in discerning the habitat 
change complexities over space and time in the IRL following a seagrass die-off event caused by the algae super 
bloom in 2011. Seagrass meadows became more fragmented, patches became more isolated and the amount and 
spatial complexity of meadow edge was reduced. For the most part, these landscape structural changes in the IRL 
increased with more severe amounts of seagrass loss. A quantitative evaluation of the effectiveness of landscape 
metrics to detect seagrass landscape change consistently with varying resolution source data and under different 
degrees of seagrass loss provides a starting point for seagrass landscape change studies in other areas.   
9.1  Landscape Metrics and Seagrass Ecology 
Seagrass are experiencing global declines caused by anthropogenic stressors (Orth et al. 2006). A 
comprehensive assessment of over 200 studies found that seagrass loss has occurred at a rate of 110 km2 per year 
since 1980 with increasing rates of decline since 1990 (Waycott et al. 2009). The complex processes of coastal 
marine ecosystems, which are particularly susceptible to the increased stresses of anthropogenic factors such as 
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coastal development and climate change, are in need of better understanding from a landscape perspective. Modern 
spatial data acquisition and analysis tools serve to quantify, study and understand these complex landscape 
properties which supports the information needs of regional scale resource management. Given the increasing 
pressures of development, pollution and climate change, it is critical that we improve our abilities to identify, 
describe and understand coastal processes.  
Unlike commonly used pixel by pixel type change detections, landscape ecology metrics provide much 
more descriptive information for the spatial complexities of habitat at a regional scale over space and time than 
photo-interpretation mapping or in situ surveys. While not covered in this work, it is possible that landscape metrics 
could be applied to a pixel by pixel change detection grid, the results would be specific to only the habitat change 
rather than the landscape as a whole, interpretation of results would need to be approached much differently. Spatial 
models attempt to create simplified representations of natural phenomenon. These abstractions of reality are useful 
in so much as they generalize and simplify complex systems to make them computationally manageable and 
understandable. Landscape models provide a means for representing the state of a system at different moments in 
time in a consistent way that allows for direct comparisons that can detect subtle yet important changes in a 
landscape. Models, combined with geospatial statistics, can also be used to incorporate outside variables, 
influencing factors such as water quality or sea level rise, and predict future states of a system. The effective 
relationship between variables and the modeled system must however be quantifiable. An in depth understanding of 
not just the modeling techniques, but also the ecosystem being modeled, along with all the influencing factors, is 
crucial in developing an effective model, the model that is ecologically relevant and describes ecologically 
significant landscape properties. In applying landscape ecology metrics to change detection, consideration must be 
given to the critical components of spatial, temporal and process scale. 
9.2  Management Implications 
Usability of scientific information is key to policy making. Research funding flexibility, well focused 
projects and outcome evaluation metrics for research investments are cited as crucial to the production of useable 
science (Dilling and Lemos 2011). The amount and level of scientific data required to make an informed decision 
can be a contentious point. Sale et al. (2005) claimed that fisheries science knowledge gaps impeded effectiveness of 
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no-take fishery reserves. The introduction of ecosystem based management (EBM) systems highlights debates 
between scientists and managers as criteria considered important by scientists do not necessarily line-up with the 
needs of resource managers (Arkema et al. 2006). Landscape metrics have the potential to better inform resource 
management decision making, but if not properly applied and presented, metrics could confuse and complicate the 
process. As this work shows, the quantification of landscape properties is technical and complex, however, as 
recommended, understandable and simple metrics compiled in a composite type index could bridge the gap between 
research and resource management decision making. 
History has shown that the best way to create effective regulatory management of natural resources is to 
make sure that the stakeholders affected by the regulations are involved with the process of identifying management 
options. While anthropogenic at the core, this approach helps usher in the acceptance and the effectiveness of natural 
resource management and regulation decisions. Any communications about environmental issues that do not 
consider the social aspects of the audiences involved are destined to fail (Jasanoff 2010). Community working 
groups such as the Our Florida Reefs and the Florida Keys Sanctuary Advisory council are currently in the process 
of identifying management options to protect coastal marine resources. Spatial data about marine habitat types such 
as seagrass and coral locations, abundance and distribution are crucial data layers required to inform the decision 
making process (National Ocean Service 2015; Southeast Florida Coral Reef Initiative 2015). In Tampa Bay, 
seagrass restoration targets were set as goals to improve water quality. Greening and Janicki (2006) found that 
reductions in nitrogen loading and chlorophyll a production resulted in seagrass cover increases. Seagrass cover has 
increased by 25% since 1982. Nutrient loading was effectively reduced through a cooperative partnership between 
scientists, managers and decision makers participating in a management strategy team. 
Seagrass management decision making can be informed by this analysis.  Temporal analysis of landscape 
metrics could help identify areas experiencing declines in seagrass health which can be used to identify sensitive 
areas where human use conflicts with seagrass. Management actions can be geared toward minimizing the effects of 
human activities by limiting access to and exposure of these sensitive areas. It is important to consider the analysis 
extent and addressing a specific management question. For example, a restoration project may be seeking to identify 
a priority area to apply a specific number of seagrass plantings, the analysis extent should be sized to that need and 
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that analysis area size could be applied systematically across a landscape to identify and prioritize a restoration area 
that meets certain landscape criteria.  
9.3  Future Work 
The results of this work provide an insight into how the 2011 IRL super bloom impacted seagrasses and 
how quantitative metrics can be used to better monitor and assess seagrass landscapes changes. This work is 
however specific to a single event, in a specific area using specific satellite sensor data sources. The transferability 
of these method types to other coastal habitat types would be an important step toward more widespread use of 
quantitative metrics.  
The integration of landscape ecology and ecosystem ecology is limited and is a necessary step towards 
understanding landscape function (Turner 2005). There are several important components of landscape ecology that 
should continue to be refined. An understanding of when spatial heterogeneity becomes truly significant requires 
further testing of the generality concepts and a better understanding the relationships between pattern and process at 
significant scales. Scaling itself also presents an ongoing challenge in landscape ecology. The known shortcomings 
of scale understandings must be addressed for the concepts of landscape ecology to progress. The concept of 
interaction holds a promise for future research in several areas. Interaction examples include the interactions 
between spatial pattern drivers (processes) among different scale disturbances as well as the interactions among 
different trophic levels in landscape mosaics. There is also a need to expand the time scale horizon of landscape 
ecology, particularly with the continuation of long term data acquisition programs such as the USGS Landsat 
program. A better understanding of the ecological importance of spatial nonlinearities and thresholds also remains a 
topic of debate and an important research challenge (Turner 2005).  
Nutrient loading would normally be considered the primary driver behind an algal bloom of this scale, but 
in this event, algal blooms are indirectly affected by multiple factors including temperature and algae grazing 
species. The IRL ecological system is complex and interconnected, the research invested into understanding the 
system is invaluable to protecting it. IRL TMDLs and BMAPs are based on the best available reported science. 
Stronger scientific understanding in the IRL event could better inform appropriate water quality protection, a fact 
that applies to all of Florida’s waterbodies. Improving our understanding of the source, transport and fate of 
84 
pollutants is critical to successful long-term management of water quality in the face of increasing pressure from 
development, agriculture and climate change. 
Considering the significant influence of climate and storms on IRL water quality, Global Climate Change 
will likely produce major challenges in the future. Associated with climate change, sea level rise will also threaten 
the ecosystem, particularly seagrass as the depth range for growth is a limiting factor. It is possible that sea level rise 
will introduce new habitat for colonization along the shoreline, but hardened shorelines will limit that landward 
expansion. An understanding of how future climate change scenarios could affect the IRL landscape are needed to 
support the identification of best management practices geared toward long-term resource conservation. 
   Emerging conservation practices include ecosystem based management options which consider 
ecosystem service valuation, comprehensive spatial management and regulatory options with goal setting and 
evaluation (Crain et al. 2009). Communicating complicated ecological information to the general public is a 
persistent challenge among scientists. These types of change analysis could support report card type documents 
where indicators of ecosystem health are presented in an easy to understand format (Wood and Pumphrey 2015). 
More work must be done to make complex scientific and technical information available and understandable to the 
public.  
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11. Appendix I: Error Matrices 
Area A 2011 
 
Accuracy Assessment 
  
 
 
Sand Seagrass Total Sites User's accuracy 
Classified Sand 5 8 13 38% 
  Seagrass 1 16 17 94% 
 
Total Sites 6 24 30 
 
  
Producer's 
Accuracy 
83% 67%     
 
Overall accuracy: 70% 
    
Area B 2011 
 
Accuracy Assessment 
  
 
 
Sand Seagrass Total Sites User's accuracy 
Classified Sand 10 10 20 50% 
  Seagrass   10 10 100% 
 
Total Sites 10 20 30 
 
  Producer's Accuracy 100% 50%     
 
Overall accuracy 67% 
    
Area C 2011 
 
Accuracy Assessment     
 
 
Sand Seagrass Total Sites User's accuracy 
Classified Sand 16 2 18 89% 
  Seagrass 2 10 12 83% 
 
Total Sites 18 12 30 
 
  Producer's Accuracy 89% 83%     
 
Overall accuracy 87% 
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Area A 2013  
 
Accuracy Assessment 
  
 
  
Sand Seagrass Total sites User's accuracy  
Classification 
Sand 18 4 22 82%  
Seagrass 3 5 8 63%  
 
Total sites 21 9 30 
 
 
  Producer's accuracy 86% 44%      
 
Overall accuracy = 77% 
   
 
 
Area B 2013  
 
Accuracy Assessment     
  
Sand Seagrass Total sites User's accuracy 
Classification 
Sand 21 6 27 78% 
Seagrass 3   3 0% 
 
Total sites 24 6 30 
 
  Producer's accuracy 88% 100%     
 
Overall accuracy = 70% 
    
Area C 2013  
 
Accuracy Assessment 
  
  
Sand Seagrass 
Total 
sites 
User's accuracy 
Classification 
Sand 26 3 29 90% 
Seagrass   1 1 100% 
 
Total sites 26 4 30 
 
  Producer's accuracy 100% 75%     
 
Overall accuracy = 90% 
    
  
99 
 
  
12. Appendix II: Landscape Metric Output 
 
Study Area A
Study Area A
Area - Edge 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Class Area (Hectares) Landscape 222 144 -35 224 143 -36 227 142 -37
Percentage of Landscape Landscape 4.5 3.0 -35 4.6 2.9 -36 4.6 2.9 -37
Largest Patch Index Landscape 2.6174 2.1081 -19 2.6597 2.1296 -20 2.6404 2.1452 -19
Total Edge Landscape 310,075 146,239 -53 145,562 66,445 -54 86,523 40,431 -53
Edge Density Landscape 63 30 -53 30 14 -54 18 8 -53
Patch Area Weighted Mn 83.1788 75.3225 -9 84.1717 77.1147 -8 83.4998 79.4016 -5
Patch Area Std. Dev. 2.7045 2.5792 -5 9.2588 6.8611 -26 20.5417 14.3615 -30
Patch radius of gyration Weighted Mn 1011.0689 713.1718 -29 999.5731 713.0993 -29 1005.9875 730.9639 -27
Patch radius of gyration Std. Dev. 33.4877 25.903 -23 110.8543 65.1653 -41 244.7109 132.7595 -46
Study Area A
Shape 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Perimter Area Fractal Dim. Landscape 1.4159 1.4275 1 1.4383 1.3704 -5 1.3987 1.3274 -5
Perimter Area Fractal Dim. Class 1.4542 1.4401 -1 1.4321 1.4121 -1 1.4334 1.419 -1
Patch Shape Index Weighted Mn 24.4641 10.1873 -58 12.5153 5.179 -59 7.4821 3.7899 -49
Patch Shape Index Std. Dev. 0.9236 0.6831 -26 1.4014 0.6725 -52 1.6252 0.737 -55
Patch Fractal Dimension Weighted Mn 1.4567 1.3523 -7 1.3553 1.2479 -8 1.2787 1.2009 -6
Patch Fractal Dimension Std. Dev. 0.1252 0.1137 -9 0.0828 0.0828 0 0.0889 0.0745 -16
Perim-Area Ratio Distribution Weighted Mn 1397.2247 1012.8673 -28 650.5698 463.6713 -29 381.2768 284.0932 -25
Perim-Area Ratio Distribution Std. Dev. 4040.7985 3790.3371 -6 1682.4764 1418.5209 -16 882.8416 639.5306 -28
Related Circumscribing Circle Weighted Mn 0.9252 0.9151 -1 0.9218 0.9087 -1 0.9277 0.9128 -2
Related Circumscribing Circle Std. Dev. 0.3065 0.3079 0 0.328 0.3298 1 0.3477 0.3437 -1
Contiguity Index Weighted Mn 0.922 0.9325 1 0.8913 0.9065 2 0.85 0.8638 2
Contiguity Index Std. Dev. 0.1825 0.2123 16 0.2406 0.243 1 0.3082 0.2628 -15
Study Area A
Core Area 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Total Core Area Landscape 180.2324 144.3935 -20 223.7457 143.3807 -36
Core Area Percent Landscape 3.6885 2.956 -20 4.5805 2.9317 -36
Number of Disjunct Core Areas Landscape 1107 1633 48 217 233 7
Disjunct Core Area Density Landscape 22.6548 33.4304 48 4.4424 4.7641 7
Core Area Weighted Mn 69.2916 75.3225 9 84.1717 77.1147 -8
Core Area Std. Dev. 2.2542 2.5792 14 9.2588 6.8611 -26
Disjunct Core Area Distrib. Weighted Mn 67.1923 75.3225 12 84.1717 77.1147 -8
Disjunct Core Area Distrib. Std. Dev. 3.3035 2.5792 -22 9.2588 6.8611 -26
Core Area Index Weighted Mn 81.2143 100 23 100 100 0
Core Area Index Std. Dev. 7.5536 0 0 0
Study Area A
Aggregation 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Number of Patches Landscape 2521 1633 -35 217 233 7 42 53 26
Patch Density Landscape 51.5924 33.4304 -35 4.4424 4.7641 7 0.8582 1.0814 26
Proximity Index Distribution Weighted Mn 642.8662 430.5436 -33 288.217 0 -100 0 0
Proximity Index Distribution Std. Dev. 24437.8896 10848.862 -56 3176.5645 0 -100 0 0
Euclidean N. N. Dist. Distrib. Weighted Mn 4.1201 5.0003 21 12.9821 14.998 16 29.3634 35.4726 21
Euclidean N. N. Dist. Distrib. Std. Dev. 4.0223 10.5715 163 10.4246 15.0575 44 14.8617 84.092 466
Clumpiness Index Landscape 0.9265 0.9378 1 0.8994 0.9178 2 0.8657 0.8873 2
Percentage Like Adjacencies Landscape 92.8602 93.7734 1 90.0284 91.4487 2 86.3636 87.7755 2
Interspersion & Juxtaposition Landscape  N/A  N/A  N/A  N/A  N/A  N/A 
Connectance Landscape 0.1656 0.1706 3 0.5376 0 -100 0 0
Patch Cohesion Index Landscape 99.7375 99.4248 0 99.2912 98.4579 -1 98.3833 97.0394 -1
Landscape Division Index Landscape 0.9992 0.9995 0 0.9992 0.9995 0 0.9992 0.9995 0
Effective Mesh Size Landscape 3.7777 2.2265 -41 3.8554 2.2607 -41 3.8717 2.3085 -40
Splitting Index Landscape 1293.4864 2193.9043 70 1266.9823 2163.3432 71 1264.0657 2123.044 68
Landscape Shape Index Landscape 52.0233 30.407 -42 24.3258 13.8646 -43 14.3318 8.4604 -41
Aggregation Index Landscape 92.9878 93.9658 1 90.399 92.0163 2 87.1933 89.0623 2
Normalized Lndscp Shp Index Landscape 0.0701 0.0603 -14 0.096 0.0798 -17 0.1281 0.1094 -15
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Study Area A
Study Area A
Area - Edge 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Class Area (Hectares) Landscape 222 144 -35 224 143 -36 227 142 -37
Percentage of Landscape Landscape 4.5 3.0 -35 4.6 2.9 -36 4.6 2.9 -37
Largest Patch Index Landscape 2.6174 2.1081 -19 2.6597 2.1296 -20 2.6404 2.1452 -19
Total Edge Landscape 310,075 146,239 -53 145,562 66,445 -54 86,523 40,431 -53
Edge Density Landscape 63 30 -53 30 14 -54 18 8 -53
Patch Area Weighted Mn 83.1788 75.3225 -9 84.1717 77.1147 -8 83.4998 79.4016 -5
Patch Area Std. Dev. 2.7045 2.5792 -5 9.2588 6.8611 -26 20.5417 14.3615 -30
Patch radius of gyration Weighted Mn 1011.0689 713.1718 -29 999.5731 713.0993 -29 1005.9875 730.9639 -27
Patch radius of gyration Std. Dev. 33.4877 25.903 -23 110.8543 65.1653 -41 244.7109 132.7595 -46
Study Area A
Shape 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Perimter Area Fractal Dim. Landscape 1.4159 1.4275 1 1.4383 1.3704 -5 1.3987 1.3274 -5
Perimter Area Fractal Dim. Class 1.4542 1.4401 -1 1.4321 1.4121 -1 1.4334 1.419 -1
Patch Shape Index Weighted Mn 24.4641 10.1873 -58 12.5153 5.179 -59 7.4821 3.7899 -49
Patch Shape Index Std. Dev. 0.9236 0.6831 -26 1.4014 0.6725 -52 1.6252 0.737 -55
Patch Fractal Dimension Weighted Mn 1.4567 1.3523 -7 1.3553 1.2479 -8 1.2787 1.2009 -6
Patch Fractal Dimension Std. Dev. 0.1252 0.1137 -9 0.0828 0.0828 0 0.0889 0.0745 -16
Perim-Area Ratio Distribution Weighted Mn 1397.2247 1012.8673 -28 650.5698 463.6713 -29 381.2768 284.0932 -25
Perim-Area Ratio Distribution Std. Dev. 4040.7985 3790.3371 -6 1682.4764 1418.5209 -16 882.8416 639.5306 -28
Related Circumscribing Circle Weighted Mn 0.9252 0.9151 -1 0.9218 0.9087 -1 0.9277 0.9128 -2
Related Circumscribing Circle Std. Dev. 0.3065 0.3079 0 0.328 0.3298 1 0.3477 0.3437 -1
Contiguity Index Weighted Mn 0.922 0.9325 1 0.8913 0.9065 2 0.85 0.8638 2
Contiguity Index Std. Dev. 0.1825 0.2123 16 0.2406 0.243 1 0.3082 0.2628 -15
Study Area A
Core Area 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Total Core Area Landscape 180.2324 144.3935 -20 223.7457 143.3807 -36
Core Area Percent Landscape 3.6885 2.956 -20 4.5805 2.9317 -36
Number of Disjunct Core Areas Landscape 1107 1633 48 217 233 7
Disjunct Core Area Density Landscape 22.6548 33.4304 48 4.4424 4.7641 7
Core Area Weighted Mn 69.2916 75.3225 9 84.1717 77.1147 -8
Core Area Std. Dev. 2.2542 2.5792 14 9.2588 6.8611 -26
Disjunct Core Area Distrib. Weighted Mn 67.1923 75.3225 12 84.1717 77.1147 -8
Disjunct Core Area Distrib. Std. Dev. 3.3035 2.5792 -22 9.2588 6.8611 -26
Core Area Index Weighted Mn 81.2143 100 23 100 100 0
Core Area Index Std. Dev. 7.5536 0 0 0
Study Area A
Aggregation 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Number of Patches Landscape 2521 1633 -35 217 233 7 42 53 26
Patch Density Landscape 51.5924 33.4304 -35 4.4424 4.7641 7 0.8582 1.0814 26
Proximity Index Distribution Weighted Mn 642.8662 430.5436 -33 288.217 0 -100 0 0
Proximity Index Distribution Std. Dev. 24437.8896 10848.862 -56 3176.5645 0 -100 0 0
Euclidean N. N. Dist. Distrib. Weighted Mn 4.1201 5.0003 21 12.9821 14.998 16 29.3634 35.4726 21
Euclidean N. N. Dist. Distrib. Std. Dev. 4.0223 10.5715 163 10.4246 15.0575 44 14.8617 84.092 466
Clumpiness Index Landscape 0.9265 0.9378 1 0.8994 0.9178 2 0.8657 0.8873 2
Percentage Like Adjacencies Landscape 92.8602 93.7734 1 90.0284 91.4487 2 86.3636 87.7755 2
Interspersion & Juxtaposition Landscape  N/A  N/A  N/A  N/A  N/A  N/A 
Connectance Landscape 0.1656 0.1706 3 0.5376 0 -100 0 0
Patch Cohesion Index Landscape 99.7375 99.4248 0 99.2912 98.4579 -1 98.3833 97.0394 -1
Landscape Division Index Landscape 0.9992 0.9995 0 0.9992 0.9995 0 0.9992 0.9995 0
Effective Mesh Size Landscape 3.7777 2.2265 -41 3.8554 2.2607 -41 3.8717 2.3085 -40
Splitting Index Landscape 1293.4864 2193.9043 70 1266.9823 2163.3432 71 1264.0657 2123.044 68
Landscape Shape Index Landscape 52.0233 30.407 -42 24.3258 13.8646 -43 14.3318 8.4604 -41
Aggregation Index Landscape 92.9878 93.9658 1 90.399 92.0163 2 87.1933 89.0623 2
Normalized Lndscp Shp Index Landscape 0.0701 0.0603 -14 0.096 0.0798 -17 0.1281 0.1094 -15
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Study Area B
Study Area B
Area - Edge 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Class Area (Hectares) Landscape 546 166 -70 570 130 -77 582 119 -80
Percentage of Landscape Landscape 30.0 9.1 -70 31.3 7.1 -77 31.7 6.5 -80
Largest Patch Index Landscape 23.848 0.8437 -96 26.1043 0.8516 -97 26.9299 0.8734 -97
Total Edge Landscape 2,093,370 1,350,836 -35 328,350 277,420 -16 76,552 79,489 4
Edge Density Landscape 1,150 743 -35 180 152 -16 42 43 4
Patch Area Weighted Mn 348.9412 5.5648 -98 402.1378 7.3232 -98 425.5509 8.4882 -98
Patch Area Std. Dev. 2.4333 0.1421 -94 10.8421 0.5889 -95 42.0026 2.0618 -95
Patch radius of gyration Weighted Mn 1023.0821 127.3819 -88 1064.4522 149.1038 -86 1086.1776 158.2347 -85
Patch radius of gyration Std. Dev. 7.6832 3.7384 -51 30.5599 13.3604 -56 112.2315 41.0652 -63
Study Area B
Shape 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Perimter Area Fractal Dim. Landscape 1.6445 1.572 -4 1.6069 1.593 -1 1.4085 1.4424 2
Perimter Area Fractal Dim. Class 1.6468 1.5715 -5 1.6082 1.6075 0 1.4214 1.4653 3
Patch Shape Index Weighted Mn 123.255 23.9891 -81 19.102 8.8641 -54 5.172 3.6396 -30
Patch Shape Index Std. Dev. 1.0458 0.7344 -30 0.7275 0.7752 7 0.6826 0.7502 10
Patch Fractal Dimension Weighted Mn 1.6218 1.4852 -8 1.3873 1.3533 -2 1.2182 1.2203 0
Patch Fractal Dimension Std. Dev. 0.1561 0.1284 -18 0.0851 0.0884 4 0.0695 0.0806 16
Perim-Area Ratio Distribution Weighted Mn 3854.1935 8149.3344 111 599.9364 2162.4288 260 154.197 701.6749 355
Perim-Area Ratio Distribution Std. Dev. 3138.3012 3481.6672 11 964.8316 1037.3971 8 640.6331 713.2514 11
Related Circumscribing Circle Weighted Mn 0.8611 0.7309 -15 0.8473 0.728 -14 0.8466 0.7186 -15
Related Circumscribing Circle Std. Dev. 0.3182 0.2966 -7 0.3032 0.3082 2 0.3155 0.3378 7
Contiguity Index Weighted Mn 0.8029 0.567 -29 0.9083 0.668 -26 0.9423 0.7402 -21
Contiguity Index Std. Dev. 0.1326 0.1449 9 0.1251 0.1359 9 0.2079 0.2342 13
Study Area B
Core Area 2011 2013 2011 2013 2011 2013
% Change % Change
Total Core Area Landscape 297.8512 39.5988 -87 452.4552 50.46 -89
Core Area Percent Landscape 16.3618 2.1768 -87 24.8129 2.7653 -89
Number of Disjunct Core Areas Landscape 11717 6154 -47 518 472 -9
Disjunct Core Area Density Landscape 643.6495 338.289 -47 28.4075 25.8669 -9
Core Area Weighted Mn 210.7607 1.9703 -99 338.9691 3.5221 -99
Core Area Std. Dev. 1.47 0.0536 -96 9.1409 0.2959 -97
Disjunct Core Area Distribution Weighted Mn 184.2307 1.1247 -99 347.8605 3.1588 -99
Disjunct Core Area Distribution Std. Dev. 2.1639 0.0848 -96 17.4092 0.5712 -97
Core Area Index Weighted Mn 54.5109 23.8223 -56 79.4003 38.8542 -51
Core Area Index Std. Dev. 1.6026 1.7775 4.0754 4.4292 9
Study Area B
Aggregation 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Number of Patches Landscape 32200 45793 42 1948 2725 40 139 222 60
Patch Density Landscape 1768.8412 2517.2685 42 106.8296 149.3373 40 7.5658 12.0904 60
Proximity Index Distribution Weighted Mn 51536.9813 649.4913 -99 456.0251 120.2418 -74
Proximity Index Distribution Std. Dev. 67764.1119 1374.336 -98 11717.721 253.0674 -98
Euclidean N. N. Dist. Distrib. Weighted Mn 4.0407 4.391 9 12.0702 12.5848 4 28.6389 40.483 41
Euclidean N. N. Dist. Distrib. Std. Dev. 5.8866 5.1809 -12 7.6831 16.9742 121 44.1576 23.2083 -47
Clumpiness Index Landscape 0.7256 0.5526 -24 0.8724 0.6546 -25 0.9291 0.7479 -20
Percentage Like Adjacencies Landscape 80.729 59.2533 -27 91.001 67.5582 -26 94.6031 75.4379 -20
Interspersion & Juxtaposition Landscape  N/A  N/A  N/A  N/A  N/A  N/A 
Connectance Landscape 0.028 0.0141 -50 0.0833 0.0541 -35 0 0
Patch Cohesion Index Landscape 99.8905 98.3522 -2 99.6696 96.5019 -3 99.2822 93.6608 -6
Landscape Division Index Landscape 0.9425 0.9997 6 0.9311 0.9997 7 0.9266 0.9997 8
Effective Mesh Size Landscape 104.7372 0.5085 -100 125.6697 0.5212 -100 134.8029 0.5485 -100
Splitting Index Landscape 17.3807 3577.6111 20,484 14.51 3500.9329 24,028 13.629 3347.5354 24,462
Landscape Shape Index Landscape 225.1878 262.5248 17 35.7902 61.5763 72 9.2899 19.0577 105
Aggregation Index Landscape 80.7982 59.3454 -27 91.2303 67.916 -26 95.1559 76.4228 -20
Normalized Lndscp Shp Index Landscape 0.192 0.4065 112 0.0877 0.3208 266 0.0484 0.2358 387
2 meter 6 meter 14 meter
2 meter 6 meter 14 meter
2 meter 6 meter 14 meter
Edge = 2m Edge = 6m
2 meter 6 meter 14 meter
102 
Study Area C
Study Area C
Area - Edge 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Class Area (Hectares) Landscape 187.1451 16.0509 -91 187.1712 15.9372 -91 188.1992 15.8564 -92
Percentage of Landscape Landscape 2.8775 1.2277 -57 2.8778 1.22 -58 2.8924 1.2115 -58
Largest Patch Index Landscape 1.1801 0.4286 -64 1.1886 0.4368 -63 1.2342 0.4508 -63
Total Edge Landscape 325657.44 39331.2 -88 163452 25296 -85 85036 14924 -82
Edge Density Landscape 50.0722 30.0825 -40 25.1308 19.365 -23 13.0692 11.4031 -13
Patch Area Weighted Mn 42.693 3.5003 -92 43.3963 3.6201 -92 46.0497 3.2886 -93
Patch Area Std. Dev. 1.218 0.3285 -73 2.9113 0.5904 -80 6.8783 0.9622 -86
Patch radius of gyration Weighted Mn 283.7693 86.4246 -70 286.6803 86.7072 -70 297.1688 83.144 -72
Patch radius of gyration Std. Dev. 9.4292 9.2443 -2 21.8152 15.127 -31 48.8911 25.2882 -48
Study Area C
Shape 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Perimter Area Fractal Dim. Landscape 1.468 1.3836 -6 1.5133 1.4009 -7 1.4311 1.3402 -6
Perimter Area Fractal Dim. Class 1.502 1.4232 -5 1.5295 1.4846 -3 1.472 1.4873 1
Patch Shape Index Weighted Mn 17.3658 7.3734 -58 9.5133 5.3809 -43 5.4684 3.0155 -45
Patch Shape Index Std. Dev. 0.7059 0.7544 7 0.7524 0.7879 5 0.8043 0.6569 -18
Patch Fractal Dimension Weighted Mn 1.4295 1.3619 -5 1.3417 1.3022 -3 1.2576 1.2048 -4
Patch Fractal Dimension Std. Dev. 0.1341 0.1128 -16 0.0845 0.0947 12 0.072 0.0805 12
Perim-Area Ratio Distribution Weighted Mn 1740.1337 2450.4085 41 873.2754 1587.2299 82 451.8404 941.1972 108
Perim-Area Ratio Distribution Std. Dev. 3855.4015 4602.8795 19 1139.6393 1519.824 33 598.6568 684.5334 14
Related Circumscribing Circle Weighted Mn 0.6637 0.7009 6 0.6659 0.6777 2 0.6687 0.6639 -1
Related Circumscribing Circle Std. Dev. 0.3086 0.2667 -14 0.3069 0.3205 4 0.3204 0.3342 4
Contiguity Index Weighted Mn 0.9053 0.8587 -5 0.8649 0.7504 -13 0.836 0.6518 -22
Contiguity Index Std. Dev. 0.171 0.2199 29 0.1506 0.2119 41 0.1938 0.2253 16
Study Area C
Core Area 2011 2013 2011 2013 2011 2013
% Change % Change
Total Core Area Landscape 187.1451 16.0509 -91 187.1712 15.9372 -91
Core Area Percent Landscape 2.8775 1.2277 -57 2.8778 1.22 -58
Number of Disjunct Core Areas Landscape 5381 516 -90 954 161 -83
Disjunct Core Area Density Landscape 82.7367 39.4663 -52 14.6678 12.3251 -16
Core Area Weighted Mn 42.693 3.5003 -92 43.3963 3.6201 -92
Core Area Std. Dev. 1.218 0.3285 -73 2.9113 0.5904 -80
Disjunct Core Area Distribution Weighted Mn 42.693 3.5003 -92 43.3963 3.6201 -92
Disjunct Core Area Distribution Std. Dev. 1.218 0.3285 -73 2.9113 0.5904 -80
Core Area Index Weighted Mn 100 100 0 100 100 0
Core Area Index Std. Dev. 0 0 0 0
Study Area C
Aggregation 2011 2013 2011 2013 2011 2013
% Change % Change % Change
Number of Patches Landscape 5381 516 -90 954 161 -83 179 51 -72
Patch Density Landscape 82.7367 39.4663 -52 14.6678 12.3251 -16 2.7511 3.8968 42
Proximity Index Distribution Weighted Mn 914.3451 106.1473 -88 206.2757 10.9091 -95 0 0
Proximity Index Distribution Std. Dev. 10228.289 896.5232 -91 1453.178 139.7775 -90 0 0
Euclidean N. N. Dist. Distrib. Weighted Mn 4.1371 5.6589 37 12.1474 15.5248 28 28.3461 53.0419 87
Euclidean N. N. Dist. Distrib. Std. Dev. 6.7613 27.7061 310 17.1442 59.2392 246 27.7887 81.4884 193
Clumpiness Index Landscape 0.91 0.878 -4 0.8691 0.7708 -11 0.8461 0.6913 -18
Percentage Like Adjacencies Landscape 91.1253 87.5029 -4 86.9009 76.1916 -12 84.1856 67.0581 -20
Interspersion & Juxtaposition Landscape  N/A  N/A  N/A  N/A  N/A  N/A 
Connectance Landscape 0.112 0.5539 395 0.1527 0.7065 363 0 0
Patch Cohesion Index Landscape 99.5147 98.3685 -1 98.7017 95.7611 -3 97.2985 89.6195 -8
Landscape Division Index Landscape 0.9998 1 0 0.9998 1 0 0.9998 1 0
Effective Mesh Size Landscape 1.2285 0.043 -96 1.2488 0.0442 -96 1.332 0.0398 -97
Splitting Index Landscape 5294.1264 30425.431 475 5208.0543 29575.7452 468 4884.9522 32848.0914 572
Landscape Shape Index Landscape 59.4769 24.5293 -59 29.8053 15.7313 -47 15.4949 9.3509 -40
Aggregation Index Landscape 91.2615 87.951 -4 87.2845 77.3624 -11 85.0537 69.5067 -18
Normalized Lndscp Shp Index Landscape 0.0874 0.1205 38 0.1272 0.2264 78 0.1495 0.3049 104
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